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In computer-numerical-controlled (CNC) machine tools, factors affecting machining
precision mainly stem from the machine’s own geometric errors and errors occurring during
cutting due to thermal effects on its structure. Typically, thermal errors contribute to more than
70% of the total error. Hence, minimizing thermal errors in CNC machine tools is highly
regarded. One significant and commonly used approach is the thermal error compensation
(TEC) method. Although the TEC method has been extensively applied in both laboratory and
industrial CNC machines, several challenges remain. For instance, the determination of optimal
temperature characteristic points for various CNC machine tools requires improved methods,
the mathematical models for predicting and compensating thermal errors are not sufficiently
accurate, and there is poor compensation performance under varying cutting conditions. In this
research, we focus on thermal error prediction and compensation technology for a CNC high-
speed four-rail vertical machining center. Through actual cutting experiments, we measure
temperatures at feature points on the machine and spindle deformation using various high-tech
sensors. Subsequently, precise prediction and rapid compensation models for thermal errors are
established using support vector regression and transfer function matrix methods, respectively.
Finally, a TEC system based on a single-chip microprocessor is developed. In this system, we
perform real-time TEC during actual machining by adjusting the machine’s original point drift.
Results from actual cutting experiments demonstrate that the developed TEC system can
effectively reduce the target machine’s thermal deformation from 110 pm to within 10 pm in real
time.

1. Introduction

In computer-numerical-controlled (CNC) machine tools, geometric deviations of individual
components, assembly bias between components, control system errors, as well as factors such
as weight and thermal deformations during operation can significantly affect the accuracy of the
relative position between the tool tip and the workpiece during machining. These error sources
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can be classified into mechanical structure installation and operation, component parts, cutting
process, external environment, and heat sources. The thermal expansion and deformation errors
caused by heat sources during cutting can account for as much as 70% of the overall error. To
mitigate this thermal error, so far, the most effective method is thermal error compensation
(TEC), which has been extensively studied by many scholars. The following provides an
overview of recent research on thermal error prediction (TEP) or TEC mathematical models for
CNC machine tools, as well as the development of TEC control boards.

Martin et al. investigated the TEC model of a five-axis machine tool.()) The influential
factors of the thermal error under investigation include the spindle rotation, the motion of three
linear axes, the rotation of the C-axis, and the ambient temperature. They implemented a
mathematical model using transfer functions, which was directly applied to the machine tool’s
control system to compensate thermal errors in real time using the Python programming
language.(!) Liu et al. investigated the compensation of thermally induced errors in spindle
systems based on a long-term memory neural network (NN).?) Nguyen et al. constructed a
thermal deformation prediction model with an artificial NN and compensated the thermal error
of a three-axis vertical CNC milling machine in real time during the cutting process to improve
the thermal error of the workpiece.® Rong et al. suggested a real-time TEC method for machine
tool ball screws.®) The maximum machining error of the test piece using the proposed real-time
TEC method was 13 pum, compared to 71 pm for the uncompensated workpiece.®) Huang et al.
proposed a thermal error classification model that can compensate for the thermal deformation
of the ball screw feed axes, and the accuracy of the feed system can be improved by 53.11%.0)
Mohsen and Behrooz developed a specific compensation method imbedded in a virtual
machining system for compensating geometric, thermal, and tooling errors in five-axis milling
operations of free-form surfaces.©) Chang et al. integrated the regression and fuzzy inference
methods to establish a TEP model for the spindle thermal error.”) Lang et al. proposed an
adaptive compensation model that employs 20 input parameters.®) The volumetric error was
largely reduced by 72% using this model. They concluded that the autoregressive and exogenous
input model is more suitable as the TEC method for a CNC machine tool.®) Naumann et al.
proposed a hybrid TEC method combining an integrated deformation sensor and regression
analysis models for machine tools with complex geometry.() Zixin et al. proposed a method for
compensating geometric errors of CNC machine tools based on volume error measurement.(!9)
The final volume positioning error after compensation is around 20 pum.09 Reddy et al.
developed a real-time TEC module for machine tools.(!) They used feed-forward back-
propagation NNs as the TEC model, developed real-time compensation algorithms, and
implemented the compensation module on an open-architecture CNC controller.') Wei et al.
proposed a Gaussian process regression-based TEC model, which can predict thermal errors in
intervals and achieve high prediction accuracy and robustness.'?) Zhu et al. proposed a thermal
error modeling method based on the random forest scheme. The model has a prediction accuracy
of more than 90% under different operating conditions.(!®) A review of thermal error modeling
methods for machine tools was presented by Li et al.(! The modeling methods studied include
the least-square scheme, multiple regression analysis, gray system theory, NNs, support vector
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machines (SVMs), and the hybrid model. They concluded that NNs and SVMs are more suitable
for complex machine tools and working conditions.('¥ Li et al. proposed a TEC model of the
generalized regression NN scheme integrated with the particle swarm optimization scheme.(!>)
Shi et al. proposed a TEC method based on dimensional errors of machined parts.1%) Kaulagi
and Sonawane proposed a thermal-network-based TEC model for CNC vertical machine tools,
where the main heat source considered is the ambient temperature fluctuation.('”) Stoop et al.
presented a TEC method based on a joint learning approach running in the cloud.'® This cloud-
based TEC method reduces the machine’s feature point thermal error by more than 80%.('®) Sun
et al. modeled the thermal error of motorized spindles on the basis of an integrated machine
learning scheme that includes the adaptive bounded Harris Hawk algorithm and the least-
squares SVM scheme, which can considerably improve the prediction accuracy.!”) For the
thermal error deformation of a CNC machine tool spindle, Cheng et al. proposed a TEP model,
which is a machine learning scheme that combines a long short-term memory scheme and a
convolutional NN scheme.??) The proposed model performs better than the traditional model in
the TEP of machine tool spindles.

Summarizing the above findings, it is evident that most research studies focus on developing
advanced and precise mathematical models for TEP. However, these models are predominantly
based on idle experiments, with very few involving actual cutting scenarios. As a result, the
established TEC models face challenges in practical application owing to the complexity and the
inability to perform timely calculations for immediate use in compensating thermal errors in
CNC machine tools. Building upon this, in this study, we propose to establish accurate TEP
models and real-time TEC models based on actual cutting experiments. Subsequently, we
integrate the TEC model into a control board connected to the CNC machine tool controller to
compensate for tool tip position errors.

2. Thermal Error Compensation Methodology
2.1 Methodology

The research methodology is outlined in Fig. 1. Step 1: A widely used CNC vertical four-rail
machining center is selected as the target machine tool. Step 2: Suitable experimental conditions,
including idle and actual cutting conditions, are established. Step 3: Temperature feature points
are selected, and an integrated measurement system (IMS) is set up. The IMS is used to measure
temperatures at feature points and tool tip displacements under the experimental conditions.
Step 4: Mathematical models for TEP and TEC are developed on the basis of measurement data.
Step 5: A TEC board is then developed, and the TEC model is programmed into this board.
Step 6: A real-time actual cutting experiment is conducted to validate the proposed TEC method.
The developed TEC board is connected to the CNC machine’s controller to compensate for the
tool tip position.



4224 Sensors and Materials, Vol. 36, No. 10 (2024)

1. Target machine
selection
Empty cutting "
condition
2.Experimental
Actual cutting condition setting
condition ‘

3.Temp. feature point

selection & IMS building
THE prediction model .| 4. Measurement and I Temp. measurement
THE compensation mode| THE model building Deformation measurement

5. Compensation
control board & model |+
implementation

6. Actual cutting
verification

Fig. 1.  (Color online) Flow chart of proposed methodology.

2.2 Theoretical basis

The mathematical theories of TEP and TEC used in this study consist of five schemes:
multiple linear regression (MLR), Lasso regression, support vector regression (SVR), grey
system theorem (GST), and transfer function matrix (TFM). We use GST to filter the
temperature feature points and MLR as well as SVR to establish TEP models. The Lasso
regression scheme is adopted to understand the effect (weight) of characteristic temperatures on
the spindle thermal deformation. Finally, TFM is used to establish a rapid TEC model to real-
time compensate for the tool tip error via a TEC board. These theories are introduced as follows.

221 GST

The GM(1, N) model of GST is a mathematical method used for forecasting systems with
limited and uncertain information. It can be applied to predict thermal errors on the basis of
historical data for machine tools. The model is grounded in the concept of grey incidence, which
quantifies the similarity between two sequences. Essentially, the GM(1, N) model posits that a
system’s evolution can be captured by a first-order differential equation. The following is a brief
overview of this model.
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Given a sequence

XO = O, X02), . O, M

representing the historical data of the thermal errors, the model aims to generate the new
sequence

X0 =01, X0), ., O W), @

which can predict future values of the thermal errors.
(1) Generate the accumulated generating operation (AGO) sequence:

k
zOU)=>x90), k=12, ., N. 3)
i=1

(2) Calculate the average of the adjacent elements of the AGO sequence to obtain the GM(1, 1)
sequence:

XO (k)= %(z“’) (k) + 29 (k - 1). )

(3) Estimate the parameters of the first-order differential equation:

M
(L + ax(l)(t) =u, )
dt

where a is the development coefficient and u is the background value of the sequence. These
parameters can be estimated using the least-squares scheme.
(4) Solve the differential equation to obtain the predicted values of the thermal errors:

D) = (x(‘” (1) —ﬁj e B k=23, N. 6)
a a

In Eq. (5), the absolute value of coefficient a is a good measure of the effect of the independent
variable on the dependent variable.

2.2.2 MLR

MLR is a statistical method used to model the relationship between multiple input variables
and an output variable. The basic idea behind MLR is to find the linear relationship between the
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input variables Xj, X,, ..., X, and the output variable Y. Mathematically, the MLR model can be
represented as

Y =0+ X+ BXy+.t B, X, +é, 7

where Y is the thermal deformation, X, X,, ..., X, are the temperatures at feature
points, Sy, B, ..., B, are the coefficients of the model that represent the effect of each input
variable on the output variable, and ¢ is the error term, which accounts for the variability in the
dependent variable that is not explained by the model.

The goal of MLR is to estimate the coefficients f, f,, ..., f, that minimize the sum of
squared differences between the observed values of the dependent variable and the values
predicted by the model. This is typically carried out using a method called least-squares
estimation. Once the coefficients are estimated, the MLR model can be used to predict the
thermal errors for new sets of input variables. The model can also be used to identify which
input variables have a significant impact on the thermal errors of the machine tool.

Overall, MLR is a useful tool for modeling the relationship between multiple input
temperatures and the thermal error of machine tools, and it can be used for both prediction and
compensation purposes.

2.2.3 SVR

SVR is a machine learning technique used for regression analysis. It is based on the SVM
algorithm and is particularly effective for datasets with nonlinear relationships. In SVR, the goal
is to find a function g(x) that predicts the output y for a given input x. The function g(x) is
defined as

g(x)={(w,x)+b, ®)

where w is the weight vector, b is the bias term, and <,> denotes the dot product. The SVR
algorithm aims to minimize the error between the predicted output g(x;) and the actual output y;
for all training data points (x;, y;). Assuming ¢ is the margin of tolerance where errors are not
penalized, we may formulate the optimization problem using SVR as

minimize [%"w”2 +C Zn: (& + 651'* )], )
i=1

subject to the following constraints:

yl-—<w,xl~>—b£g+§i, (10)
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<w,xi>+b—yi£8+§l-*, Q8))
£.& 20, (12)

where C is a regularization parameter that controls the trade-off between the complexity of the
model and the amount of error allowed, and ¢; and g"i* are slack variables that allow for errors
beyond the margin ¢. SVR finds the optimal values of w and b by solving the above Egs. (9)—(12),
using the quadratic programming scheme.

2.2.4 Lasso regression
Lasso regression is essentially a linear regression technique that incorporates a penalty
function into the standard least-squares objective. The penalty term is the LI norm of the

coefficient vector multiplied by a tuning parameter, 4. The objective function of the Lasso
regression is

, (13)

a

min Lg:(y-—c)sz»)2+/1AZ/[:‘OC-
2N T l l j=1 ’

where N is the number of samples and y; is the measured value of the dependent variable for the
ith measurement,

x; is the vector of predicted variables for the ith measurement, « is the vector of coefficients to
be estimated, M is the number of predicted variables, and 4 is the tuning parameter that controls
the strength of the penalty.

3. Experimental Conditions and Apparatus
3.1 Experimental conditions

The experimental cutting conditions for modeling thermal errors in CNC machine tools can
be categorized into two types: static and dynamic. Static cutting conditions involve moving the
spindle and axes without any load to increase temperature. On the other hand, dynamic cutting
conditions involve setting the tool path for the actual cutting of the workpiece. Most published
literature focused on TEP with static cutting conditions. This is because, under static cutting
conditions, it is easier to increase the machine temperature with fewer adjustments to the
machine’s other physical parameters. Additionally, error measurement is simpler under static
cutting conditions. In contrast, dynamic cutting conditions pose challenges. Measurement must
account for the impact of chips and cutting fluid, and setting up measurement instrumentation is
more difficult. Factors such as time lag and measurement accuracy add to the complexity of
measuring thermal errors under dynamic cutting conditions.
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3.1.1 Static cutting condition (or idle cutting condition)

The reason we consider the static cutting condition in the experiment is that the machine’s
primary thermal deformation occurs in the Z-axis direction and originates from heat sources
such as the Z-axis spindle motor, Z-axis slide friction, and Z-axis servo-motor. Therefore, to
achieve a rapid temperature increase in the machine body, we directly set the spindle to run at
4000 rpm with counterclockwise rotation. The Z-axis movement travel is set in the range of 50 to
500 mm with a feed rate of 4000 mm/min for the reciprocating motion, which is repeated 20
times. Once completed, we use an automatic tool changer to replace the standard test bar and
measure the thermal error of the test bar.

3.1.2. Dynamic cutting condition (or actual cutting condition)

To achieve a rapid temperature increase under dynamic cutting conditions, we use a face
milling cutter as the processing tool. The cutting rate is set between 160 and 250 m/min, the feed
rate ranges from 0.1 to 0.3 mm per edge, and the material of the work piece is medium carbon
steel S45C. The mill-cutting path is set as the type of reciprocating zig-zag cutting, with a 4 mm
depth of cut for a single layer. The spindle speed is set to 700 rpm. The major cutting parameters
are summarized in Table 1.

3.2 Temperature feature points

Previous studies have indicated that the temperature increase at feature points on the machine
should exhibit a strong relationship with tool deformation. These temperature feature points are
typically selected from areas where heat sources occur (e.g., motors and bearings) and locations
with frequent friction (e.g., linear guide ways, slider bearings, screws, power nuts, and external
environments).?122) On the basis of this, we have identified eight temperature feature points on
the machine, which are listed in Table 2 and depicted in Fig. 2.

3.3 Measurements via sensors
3.3.1 Temperature measurement

To mitigate the noise effects during measurement, we utilize a semiconductor temperature
sensor, which comprises a semiconductor sensing element, an amplifier, and an analog-to-digital
converter within its internal structure. This temperature sensor is capable of measuring
temperatures ranging from —45 to +130 °C with a nonlinear error of approximately 1.2 °C. This
semiconductor temperature sensor boasts a sampling frequency of 20 Hz and a resolution of
0.01 °C.

Table 1
Experimental parameters for dynamic cutting condition.

Spindle speed Z-axis feeding speed Cutting depth
(rpm) (mm/min) (mm)
700 1200 4 Zig-Zag No

Mill-cutting type Coolant
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Table 2

Locations of temperatures at feature points.

Position (temperature) Location Position (temperature) Location

Py(Th) Front part of saddle Ps(Ts) Front part of spindle
Py(T») Environment Po(Ts) Rear part of vertical column
P3(T3) Front part of vertical column  P7(77) Surface of working table
Py(Ty) Rear part of spindle ram Pg(Tg) Machine bed

Fig. 2. (Color online) Temperatures at feature points.

3.3.2 Deformation measurement

The measurements of spindle thermal deformation were conducted using a tool length setting
probe system from Renishaw. This system comprises a Renishaw MP4 trigger probe, a Renishaw
MIS interface module, a standard test bar, and a power supply. To measure thermal deformation,
a standard test bar was rapidly positioned directly above the Renishaw MP4 probe and triggered
in the Z-axis direction. Upon triggering, the standard test bar initially advances at a feed rate of
100 mm/min until it triggers the probe, allowing for the approximate location of the trigger point
to be determined. Subsequently, the standard test bar retracts by 1 mm and triggers the probe
again at a feed rate of 10 mm/min to ascertain the displacement of the standard test bar caused
by the heat. The thermal displacement mesurement procedure is schematically shown in Fig. 3.

3.4 IMS

To accurately and synchronously collect temperature and deformation data, we have
developed an IMS, primarily composed of the semiconductor temperature sensors, Renishaw
MP4 tool setting probes, and data conversion and processing modules. In operation, the
temperature sensor is initially attached to each feature point on the machine. Subsequently, the
machine is operated under the designated cutting conditions, enabling the temperature sensor to
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Fig. 3. Spindle deformation measurement.(2%)

real-time measure the temperature of each feature point on the machine. Simultaneously, the
Renishaw MP4 tool setting probe is employed to measure the thermal deformation of the
machine spindle. Subsequently, the gathered data are converted and recorded to facilitate the
subsequent mathematical modeling of the required information.

4. Results and Discussion
4.1 Measurement results
4.1.1 Results measured under static cutting condition

We utilized the designed IMS to measure temperature and thermal deformation under static
cutting conditions. For machine temperature variation, we monitored the temperature changes
over time at feature points P;—Pg. The temperature data from these eight points, along with
spindle deformation, were incorporated into Egs. (1)—(6) of gray system theory GM (1, N). By
computation, we obtained the influence weights of the characteristic temperatures as follows:
a=2.57,3.24,2.69, 6.11, 11.87, 0.23, 0.39, 0.55). This analysis result reveals that T, 75, and T,
being relatively less influential, can be disregarded. The temporal measurement results of 777’
are illustrated in Fig. 4, whereas the spindle thermal deformation measurements over time are
depicted in Fig. 5. From Fig. 4, it is evident that the machine tool’s characteristic temperatures
rose by approximately 15 °C over the 50 min experimental period, with the most significant
temperature changes occurring at the Ps (front part of spindle) and P, (rear part of spindle ram)
positions. Conversely, as shown in Fig. 5, the spindle deformation increased over the 50 min
experimental period, reaching a maximum deformation of approximately 60 um at the 50th
minute.
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(Color online) Spindle thermal deformation under static cutting condition.

4.1.2 Results measured under dynamic cutting condition

4231

We used the designed IMS to measure the temperature and thermal deformation of the

spindle based on the actual cutting conditions. The results of 7;—75 measurements are shown in

Fig. 6, whereas those of spindle thermal deformation measurements are shown in Fig. 7. From
Fig. 6, it can be seen that the temperature of the machine tool increased by about 18 °C during

the 110 min actual cutting experiment, and the first two major temperature increases occurred at
the Ps (front part of spindle) and P, (rear part of spindle ram) positions. On the other hand, as

shown in Fig. 7, during the 110 min actual cutting experiment, the spindle deformation increases
with time, and after about 100 min of cutting, 7, and 75 have gradually converged to a stable
state, so the thermal deformation of the spindle in the Z-direction, J, tends to be close to a certain

saturated value, which is also the value of the maximum thermal deformation of about 110 pm.
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Fig. 7. (Color online) Spindle thermal deformation under dynamic cutting condition.

4.2 TEP model
4.2.1 Modeling with experimental data under static cutting condition
4.2.1.1 MLR prediction model

The temperature increases at feature points on spindle thermal deformation, measured under
static cutting conditions, were integrated into Eq. (7) of MLR. Through calculations, we derived
the following MLR TEP model:

0 =-1.22-10.62AT, —1.24AT, —3.96AT; +1.70AT, +4.10AT;. (14)

The MLR TEP model has an overall root mean square error of 0.976 um and a maximum
error of 11.17 um. The five coefficients {—10.62, —1.24, —3.96, 1.7, 4.1} in Eq. (14) also represent
the linear impact factor of the characteristic temperatures on the spindle thermal deformation.
However, owing to the covariance among temperatures at different feature points, the above
coefficients are no longer suitable to be viewed as the influential impact factor. Therefore, we
employed another popular Lasso regression method to determine the influential weights of the
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temperature increases at feature points on spindle thermal deformation. By calculation using Eq.
(13), the independent influential weights of the temperature increases at feature points {77, 75,
T;, Ty, Ts} were obtained as {—1.76, —1.29, —4.44, 0.98, 4.35}, respectively, as depicted in Fig. 8. It
is evident that 77, 75, and T5 have significant effects on the spindle thermal deformation.

4.2.1.2 SVR prediction model

Compared with the previously established MLR model, which had a large prediction error
under the static cutting condition, we now employ the SVR scheme described by Egs. (10)—(12)
to build a more accurate TEP model. Through calculations using the data of temperature
increases at feature points on the machine and spindle thermal deformations, we obtain a
resultant SVR TEP model with the same form as Eq. (8). In our calculations, the average
coefficient of determination using fivefold cross-validation is 0.984, the correlation parameter is
set to C = 550, and the kernel function is a radial basis function. A comparison of the
experimental data and predicted results via the SVR scheme is shown in Fig. 9, and the
maximum residual error of thermal deformation is found to be 4.587 um, which is 73.5% smaller
than that obtained by the MLR scheme.

4.2.2 Modeling with experimental data under dynamic cutting condition
4.2.2.1 MLR prediction model

By using Eq. (7) with the temperature increases at feature points on spindle thermal
deformation as the input and output data, respectively, we derive the following MLR TEP model:

§=-2.75—2.64AT; —18.34AT, +11.43AT; +9.65AT, —3.60AT,, (15)

N |LASSO regression

1 —
=
—

-

=

Temperature at thermal feature point(°C)
o

-4 -2 0 2 4
Weight coefficient

Fig. 8.  (Color online) Weights of temperatures at feature points on spindle thermal deformation obtained by Lasso
regression (static cutting condition).
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Fig. 9.  (Color online) Predicted spindle thermal deformation via SVR scheme.

The MLR TEP model has an overall root mean square error of 0.966 um and a maximum
error of 10.67 um. The five coefficients of {—2.64, —18.34, —11.43, 9.65, —3.6} in Eq. (15) represent
the factors that affect the temperature increases at feature points on spindle thermal deformation.
However, owing to the high covariance among temperatures at different feature points revealed
by the MLR modeling, these coefficients are no longer suitable for explaining the influential
factors. Therefore, another effective method, such as the Lasso regression method, is required to
determine the independent weights of the temperature increases at feature points on the spindle
deformations. Calculated using the Lasso regression of Eq. (13), the weights of the temperatures
at the feature points {7}, T,, T3, Ty, Ts} shown in Fig. 10 are {-3.07, —17.91, 10.97, 9.04, —3.57},
respectively. It can be observed that the effect of the temperatures at feature points on the spindle
thermal deformations is, in descending order, as follows: 7,, T3, T4, T}, and Ts.

4.2.2.2 SVR prediction model

To accurately predict the spindle thermal error under the actual dynamic cutting conditions,
we now employ the SVR scheme of (10)—(12). Through calculations using the temperatures at
the feature points on the machine and spindle thermal deformations, we obtain the resultant
SVR TEP model with the same form as Eq. (8). In our calculations, the obtained average
coefficient of determination using fivefold cross-validation is 0.994, the correlation parameter is
C = 550, and the kernel function is a radial basis function. The results predicted using the SVR
thermal error model are shown in Fig. 11, and the maximum residual error of thermal
deformation is 9.774 pm.

4.3 TEC model

Through mathematical modeling, we have already developed TEP models using both MLR
and SVR schemes under dynamic cutting conditions. We used temperatures from highly
correlated feature points selected through the Lasso regression scheme as input data and the
corresponding tool tip displacements as output data. We now tend to compile the input and
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Fig. 10. (Color online) Weights of temperatures at feature points on spindle thermal deformation obtained by Lasso
regression (dynamic cutting condition).
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Fig. 11. (Color online) Predicted spindle thermal deformation via SVR scheme.

output data into a TFM table, named TFM, for rapid programming and writing into the TEC
board.

5. Compensation Board and Verification
5.1 Compensation board

Our developed TEC board includes software and hardware parts. Below is the description of
their design details.

5.1.1 Software design

On the basis of the SVR-TFM compensation model, we have developed software for
compensating the spindle thermal error. As the CNC machine controller features an external X
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connecting point, we utilize this connection to convert the digital compensation drift into a
serial pulse signal. This signal is subsequently sent to the programmable machine controller
(PMC) card through the external input point. The Ladder program is employed to tally the pulse
signal, with the count value denoting the compensation drift. Ultimately, this count value is
inscribed into the external mechanical home position register, thereby finalizing the
compensation process.

5.1.2 Hardware design

We have chosen the 8051 microcontroller developed by INTEL Co. as the operational core of
the TEC hardware. Its basic architecture comprises a central processing unit (CPU), program
memory (ROM), data memory (RAM), input/output ports (I/O ports), and a timer counter.

The developed TEC system first reads the digital square wave signal from the temperature
sensor, converts it to a temperature value, and then substitutes the temperature value into the
previously constructed SVR-TFM model to determine the corresponding spindle thermal drift
value. This drift value is then outputted to the X connecting point on the PMC card. Next, the
Ladder program calculates the amount by which the Z-axis should be shifted and sends this
value to the controller to perform the shifting action. This process includes sending the value to
the controller to perform the offset. Our built TEC system includes a temperature reading
module, an error compensation module, a data transmission module, and a fault detection
module.

5.2 Verification

To verify the established SVR-TFM TEC model, we arranged another experimental condition
involving dynamic cutting machining. Under this new setup, we conducted experiments to
measure characteristic temperatures as well as spindle thermal deformations. Using our
developed SVR-TMF-based TEC system, which has been connected to the CNC controller, the
measured temperature increases are automatically converted to spindle thermal drift values. The
final spindle deformations with and without compensation are shown in Fig. 12. From this

& (e m)

204 1 1 1 L 1 I
0 20 40 60 80 100 120

t (min)

Fig. 12. (Color online) Spindle thermal deformation with and without compensation under actual cutting conditions.
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figure, we can observe that our developed SVR-TFM can limit the spindle thermal deformation
error of the target CNC machine tool to within 10 um (maximum spindle thermal error: 9.876
pum) during cutting.

6. Conclusion

For CNC machine tools, most previous studies have focused on establishing TEP models
using experimental conditions under static cutting. However, the compensation results often
perform worse under actual cutting conditions. This study is unique in that we conducted
measurements and mathematical modeling for both static cutting and dynamic cutting
conditions. In this study, we built TEP models using GST, MLR, Lasso regression, and SVR
schemes, as well as TEC models using the SVR-TFM method. Furthermore, we developed a
TEC system based on the SVR-TFM algorithm, with an 8051 microprocessor as the operation
core. This system compensates for the spindle thermal deformation generated by the CNC
machine tool during actual machining in real time. To validate the developed TEC model as well
as its system, we conducted additional real cutting experiments. The measurement results
confirmed that the TEC system can reduce the spindle thermal error to within 10 pm (maximum
spindle thermal error: 9.876 um). The findings of this research can be broadly applied to CNC
lathes, CNC gantry machining centers, and even CNC grinding machines. These applications
can significantly improve machining accuracy and enhance the competitiveness of the products
produced.

Acknowledgments

This work was supported by the Special Project of the Central Government to Guide Local
Scientific and Technological Development under Grant no. 2021L3046, the Project of the
Department of Science and Technology of Fujian Province, China (Grant nos. 2021G02013,
2020H0049, and 2021H0060), and in part by the Sanming University of Fujian Province, China
(Grant nos. 19YGO5 and 19YGO04).

References

1 M. Martin, H. Otakar, and H. Lukas: 66 (2020) 21. https:/doi.org/10.1016/j.precisioneng.2020.06.010

2 J. Liu, C. Ma, H. Gui, and S. Wang: Appl. Soft Comput. 102 (2021) 107094. https://doi.org/10.1016/].
as0c¢.2021.107094

3 D.K.Nguyen, H. C. Huang, and T. C. Feng: Machines 11 (2023) 248. https://doi.org/10.3390/machines11020248

4 R. Rong, H. Zhou, Y. Huang, J. Yang, and H. Xiang: Appl. Sci. 13 (2023) 2833. https:/doi.org/10.3390/
appl13052833

5 B. Huang, J. Xie, X. Liu, J. Yan, K. Liu, and M. Yang: Appl. Sci. 13 (2023) 2990. https:/doi.org/10.3390/
app13052990

6 S. Mohsen and A. Behrooz: Aust. J. Mech. Eng. (2023) 1. https://doi.org/10.1080/14484846.2023.2195149

7 P. Y. Chang, P. Y. Yang, F. I. Chou, and S. H. Chen: Sci. Prog. 106 (2023). https://doi.
org/10.1177/00368504231171268

8 S. Lang, N. Zimmermann, J. Mayr, K. Wegener, and M. Bambach: In: S. Ihlenfeldt, Ed., 3rd Int. Conf. Ther.
Issues Mach. Tools (ICTIMT2023). Lect. Notes Prod. Eng. Springer, Cham. https://doi.org/10.1007/978-3-031-
34486-2_4



https://doi.org/10.1016/j.precisioneng.2020.06.010
https://doi.org/10.1016/j.asoc.2021.107094
https://doi.org/10.1016/j.asoc.2021.107094
https://doi.org/10.3390/machines11020248
https://doi.org/10.3390/app13052833
https://doi.org/10.3390/app13052833
https://doi.org/10.3390/app13052990
https://doi.org/10.3390/app13052990
https://doi.org/10.1080/14484846.2023.2195149
https://doi.org/10.1177/00368504231171268
https://doi.org/10.1177/00368504231171268
https://doi.org/10.1007/978-3-031-34486-2_4
https://doi.org/10.1007/978-3-031-34486-2_4

4238 Sensors and Materials, Vol. 36, No. 10 (2024)

9 C. Naumann, A. Naumann, N. Bertaggia, A. Geist, J. Gldnzel, R. Herzog, D. Zontar, C. Brecher, and M. Dix:
In: S. Thlenfeldt, Eds. 3rd Int. Conf. Ther. Issues Mach. Tools (ICTIMT2023). Lect. Notes Prod. Eng. Springer,
Cham. https://doi.org/10.1007/978-3-031-34486-2 3

10 L. Zixin, T. Wenjie, Z. Dawei, G. Weiguo, and W. Lina: Int. J. Adv. Manuf. Technol. 124 (2023) 51. https://doi.
org/10.1007/s00170-022-10484-w

11 T.N. Reddy, V. Shanmugaraj, P. Vinod, and S. G. Krishna: Materials Today: Proc. 22 (2020) 2386. https://doi.
org/10.1016/j.matpr.2020.03.363

12 X. Wei, H. Ye, E. Miao, and Q. Pan: Precis. Eng. 77 (2022) 65. https://doi.org/10.1016/.precisioneng.2022.05.008

13 M. Zhu, Y. Yang, X. Feng, Z. Du, and J. Yang: J. Intell. Manuf. 34 (2023) 2013. https:/doi.org/10.1007/s10845-
021-01894-w

14 Y. Li, M. Yu, Y. Bai, Z. Hou, and W. Wu: Appl. Sci. 11 (2021) 5216. https://doi.org/10.3390/app11115216

15 G.Li, H. Ke, C. Li, and B. Li: J. Comput. Inf. Sci. Eng. 20 (2020) 021003. https://doi.org/10.1115/1.4045292

16 H. Shi, Y. Xiao, X. Mei, T. Tao, and H. Wang: ISA Trans. 135 (2023) 575. https://doi.org/10.1016/].
isatra.2022.09.043

17 M. N. Kaulagi and H. A. Sonawane: Int. J. Adv. Manuf. Technol. 124 (2023) 3973. https://doi.org/10.1007/
s00170-021-08241-6

18 F. Stoop, J. Mayr, C. Sulz, P. Kaftan, F. Bleicher, K. Yamazaki, and K. Wegener: Prec. Eng. 79 (2023) 135.
https://doi.org/10.1016/j.precisioneng.2022.09.013

19 S. Sun, Y. Qiao, Z. Gao, J. Wang, and Y. Bian: Int. J. Adv. Manuf. Technol. 127 (2023) 2257. https:/doi.
org/10.1007/s00170-023-11429-7

20 Y. Cheng, X. Zhang, G. Zhang, W. Jiang, and B. Li: Int. J. Adv. Manuf. Technol. 121 (2022) 3243. https://doi.
org/10.1007/s00170-022-09563-9

21 D. Zhang, X. Liu, H. Shi, and R. Y. Chen: Proc. Int. Conf. Intell. Manuf. Int. Soc. Opt. Photonics 2620 (1995)
468.

22 K. C. Wang, H, C., C. H. Yang, and H. Y.Chen: Sens. Mater. 31 (2019) 1007. https:/doi.org/10.18494/
SAM.2019.2225

23 K. C.Fan: J. Chin. Soc. Mech. Eng. 28 (2012) 81.



https://doi.org/10.1007/978-3-031-34486-2_3
https://doi.org/10.1007/s00170-022-10484-w
https://doi.org/10.1007/s00170-022-10484-w
https://doi.org/10.1016/j.matpr.2020.03.363
https://doi.org/10.1016/j.matpr.2020.03.363
https://doi.org/10.1016/j.precisioneng.2022.05.008
https://doi.org/10.1007/s10845-021-01894-w
https://doi.org/10.1007/s10845-021-01894-w
https://doi.org/10.3390/app11115216
https://doi.org/10.1115/1.4045292
https://doi.org/10.1016/j.isatra.2022.09.043
https://doi.org/10.1016/j.isatra.2022.09.043
https://doi.org/10.1007/s00170-021-08241-6
https://doi.org/10.1007/s00170-021-08241-6
https://doi.org/10.1016/j.precisioneng.2022.09.013
https://doi.org/10.1007/s00170-023-11429-7
https://doi.org/10.1007/s00170-023-11429-7
https://doi.org/10.1007/s00170-022-09563-9
https://doi.org/10.1007/s00170-022-09563-9
https://doi.org/10.18494/SAM.2019.2225
https://doi.org/10.18494/SAM.2019.2225

