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Co-simulation based Digital Twin for Thermal Characteristics of Mo-

torized Spindle

Haoran Yi!- Kaiguo Fan'

School of Mechanical Engineering, University of Shanghai for Science and Technology, Shanghai, China

Abstract:

To improve the accuracy of thermal characteristics analysis of motorized spindle, an on-line correction model of thermal
boundary conditions is proposed based on BP neural network (BPNN), the experimental data and simulation results are used
to build the BPNN model to correct the thermal boundary conditions of motorized spindle. A digital twin system for thermal
characteristics is developed based on the co-simulation of Ansys, Matlab, and LabVIEW to accurately predict the tempera-
ture field and thermal deformation of motorized spindle under different working conditions. The experimental results show
that the prediction accuracy of temperature field accuracy of the motorized spindle is 98.62%, and the prediction accuracy
of thermal deformation is 96.06%, which effectively improves the simulation accuracy of thermal characteristics, and pro-
vides the basis for the error compensation and thermal optimization design.
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1 Introduction

Intelligent manufacturing closely combines industrializa-
tion and informatization, and greatly improves production
efficiency and quality [1,2]. As one of the main technolo-
gies of intelligent manufacturing, digital twin simulates the
behavior of physical entities in real environment with actual
production data, Its relationship [3] with the Internet of
Things (IoT) and Cyber-Physical System (CPS) as shown
in Fig. 1: the physical model of the real world collects data
in real time through IoT acquisition system, and then maps
it to the virtual world through CPS to reflect the whole life
cycle process of the corresponding entity equipment. Liu et
al. [4] combined digital twin with finite element method
(FEM) and proposed a digital twin-driven approach for
traceability and dynamic control of processing quality,
which realized the interactive integration of physical work-
shops and virtual workshops and was applied to the pro-
cessing of diesel engine connecting rod. Lu [5] et al. com-
bined computer simulation, algorithm analysis and experi-
ence evaluation to build a multidimensional digital twin
model dedicated to the product life cycle of automobile
constant velocity joint. As one of the key technologies of
intelligent manufacturing, digital twin has been applied in
many fields such as product design and manufacturing.
However, the application of digital twin in thermal charac-
teristics of motorized spindle is relatively scarce.

As the core component of high-speed computer numeri-
cal control machine tools, the thermal deformation caused
by high-speed operation of motorized spindle seriously af-
fects the accuracy of machine tools. Therefore, it is of great
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significance to accurately analyze the thermal characteris-
tics of motorized spindle. In recent years, many scholars
have done a lot of research on thermal characteristics and
thermal design of motorized spindle [6], which greatly im-
prove the performance of motorized spindle. Fan et al. [7]
used partial least squares (PLS) to predict the thermal de-
formation of motorized spindle under different working
conditions and analyzed the correlation between multiple
temperature variables and three-dimensional thermal defor-
mation, which improved the accuracy of the model.
Uhlmanna et al. [8] proposed a 3D finite element (FE) pre-
diction model for high precision thermal characteristics of
motorized spindle under complex boundary conditions such
as heat source, convection and contact. Zhang et al. [9] used
the least square to optimize the heat transfer coefficient of
the motorized spindle and took the optimized heat transfer
coefficient as the boundary of the FE model to improve the
accuracy of the temperature rise prediction model of the
motorized spindle. Zhang et al. [ 10] also proposed a method
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Fig. 1 Relationship between digital twin, CPS, and IoT
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for optimizing the heat transfer coefficient based on the bi-
ogeography optimization algorithm and develop a thermal
deformation prediction model of an intelligent accurate mo-
torized spindle. The developed model is more accurate
compared with the conventional thermal deformation pre-
diction model of the motorized spindle.

With the increasing speed of motorized spindle, the anal-
ysis and improvement of its thermal characteristics have be-
come a hot spot. At present, the thermal analysis method of
motorized spindle is mainly FE thermal simulation. By es-
tablishing FE model and applying thermal boundary condi-
tions, the temperature field and thermal deformation of mo-
torized spindle are obtained by FE analysis software. The
key is the accurate identification of thermal boundary con-
ditions. Presently, the most typical identification methods
include theoretical calculation method [11], experimental
measurement method [ 12], intelligent optimization method
[13], and inverse method [14], etc. The existing identifica-
tion methods can obtain the thermal boundary conditions
under specific conditions, which provides a basis for ther-
mal characteristics analysis and thermal optimization de-
sign. However, due to the complexity of thermal boundary
conditions and experimental limitations, there is a certain
deviation between the identification accuracy and the actual
value [6]; Furthermore, due to the shape, location and ma-
terial of the thermal boundary and other factors, it is diffi-
cult to determine the exact value [15]. Therefore, it is nec-
essary to carry out in-depth research on accurate identifica-
tion methods and correction techniques of thermal bound-
ary conditions.

In order to improve the accuracy of thermal analysis of
motorized spindle, a modified thermal boundary condition
model based on BP neural network (BPNN) is proposed to
identify more accurate thermal boundary conditions under
different working conditions. The digital twin system of
motorized spindle thermal characteristics based on Co-sim-
ulation is designed to improve the prediction accuracy of
motorized spindle temperature field and thermal defor-
mation.

2 Correction mechanism of thermal boundary
condition based on BPNN

2.1 BPNN based correction mechanism for heat
generation of bearing

The friction between the bearing rollers and the inner and
outer rings during high-speed rotation is the main reason for
bearing heat generation [16,17]. The faster the bearing
speed is, the more intense the friction is and the greater the
heat generation is. In finite element simulation, the bearing
roller is usually regarded as the heat source of the bearing,
and its heat generation can be calculated according to
Palmgren formula and empirical correction formula [16] as,

Hf _ 1.047x10"4nM
Vm
M=M,+M,
2
[ M, = 1077 f,(v,(At)n)3D,,>
M, = f,P(At)Dy,

(M

where, Hy is the initial heat generation of the bearing in

W/m3; n is the spindle speed in rpm; M is the bearing
friction torque in N -mm, V,, is the bearing volume in
m3; M, is the viscous friction torque of lubricating oil;
M, is the load torque. f; is a constant related to bearing
type and lubrication mode; v,(At) is the kinematic vis-
cosity of lubricating oil changing with temperature in
mm?/s; D,, is the average diameter of the bearing in mm;
fi is a coefficient related to bearing type and load;
P, (At)is the bearing load changing with temperature in
Newton.

It can be seen from Eq. (1) that for an assembled spindle,
the bearing heat generation is proportional to the speed n
of the motorized spindle, the bearing load P, (At) and the
kinematic viscosity of the lubricating oil v, (At). Since it is
difficult to accurately quantify the bearing load and its size
varies with the bearing temperature, it is difficult to accu-
rately calculate the heat generation of the bearing. In order
to improve the identification accuracy of bearing heat gen-
eration, Reference [16] proposed the correction model of
bearing heat generation as,
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where, Hf is the corrected bearing heat in W/m?; t,, is
the measured temperature of the thermal key points in °C;
t¢ is the finite element analysis temperature of the thermal
key points in °C; t,, is ambient temperature in °C.

Using Eq. (2), the identification accuracy of heat gener-
ation can be improved greatly. In order to further increase
the identification accuracy of heat generation, a BPNN
based correction method is proposed using the instantane-
ous temperature rise ratio to further correct the heat gener-
ation calculated by Eq. (2). According to the heat transfer
theory, if the measured temperature is higher than the sim-
ulated temperature, the identified heat generation is less
than the actual heat generation of the bearing. According to
the relationship between the heat and temperature rise
O=c'm-At, the heat flux is proportional to the temperature
rise At. Therefore, the instantaneous temperature rise ratio
is introduced as a correction factor in this study. Take the
measured and simulated instantaneous temperature rise ra-
tio as a correction factor of bearing heat generation, the cor-
rection function can be established as,

{ Cy = Aty /Aty 5
H} = Cy x Hy = f(Cy, H})

where, Cy is the correction factor; At,, and At; are the
measured and simulated instantaneous temperature rise, re-
spectively; H]i’ is the bearing heat generation corrected by
correction factor in W/m?3.

Due to the nonlinearity of temperature rise, BP neural
network is used to predict the heat generation in this study.
According to Egs. (1, 2, 3), the spindle speed, ambient tem-
perature, measured and simulated temperatures at thermal
key points of bearing, running time, and initial heat gener-
ation can be regarded as the input of neural network; The
corrected bearing heat can be regarded as the output of the
neural network. According to the analysis abovementioned,
the neural network prediction model of front and rear bear-
ing heat generation is composed of a 6-neuron input layer,
a 10-neuron hidden layer using the purelin transfer function,



Table 1 Neural network correction sample of heat generation of front bearing at 9000 rpm

Input layer Output layer

Run time Measured temperature Simulated temperature Initial heat generation Corrected heat generation
(s) (°C) (°C) (W/m*) (W/m?)

0 25.34 25.34 1.64x10° 1.64x10°

60 28.02 27.66 1.64x10° 1.723%10°

120 28.62 28.92 1.64x10° 1.574x10°

1680 31.37 31.31 1.64x10° 1.667x10°

1740 31.43 31.25 1.64x10° 1.679x10°

1800 31.49 31.46 1.64x10° 1.642x10°

and a single output neuron with a logsig transfer function
respectively. In order to avoid too small adjustment range
of neural network weight and threshold, the elastic gradient
descent algorithm (trainrp) is selected to train BP network.
Table 1 shows some samples of the heat generation correc-
tion of the front bearing of the motorized spindle.

It can be seen from Table 1 that the heat generation of the
front bearing changes nonlinearly, which is mainly due to
the thermal expansion of the ball during the initial operation
of the bearing, resulting in the increase of the bearing load.
With the expansion of the inner and outer rings of the bear-
ing, the bearing load gradually decreases, resulting in the
decrease of the heat generation. With the expansion of the
main shaft, bearing sleeve and other parts, the overall ex-
pansion of the bearing also changes continuously. Finally,
when the heat balance is reached, the heat generation of the
bearing is constant.

2.2 Correction mechanism of thermal contact resistance
using neural network

Because the bonding surface is uneven microscopically,
that is, the two surfaces are not completely contacted, and
the gap between the non-contact interface is filled with me-
dium to form thermal contact resistance [18,19,20]. In AN-
SYS thermal simulation, it is necessary to accurately define
the thermal contact resistance to ensure the accuracy of sim-
ulation, so it is necessary to identify the thermal contact re-
sistance through calculation and combined with the correc-
tion formula. The initial thermal contact resistance of the
bonding surface can be calculated by the following semi-
empirical formula as,

L = 105.6 (5)0'68 (4)

where, R is the initial thermal contact resistance in m*/K-W;
r is the root mean square roughness in Ra; & is the tuned
average thermal conductivity in W/m-K; P is the contact
pressure in Mpa; E is the elastic modulus in Gpa.

It can be seen from Eq. (4) that the thermal contact re-
sistance of the bonding surface is proportional to the contact
pressure. For the assembled motorized spindle, it is difficult
to quantitatively obtain the contact pressure of the bonding
surface. Therefore, the correction formula of thermal con-
tact resistance is proposed in Reference [ 18] as,

0.68

—_1> ©)

where, R' is the corrected thermal contact resistance in
m?/K-W; At is the temperature change of thermal key
points in °C; a is the coefficient of thermal expansion; A4 is
the area of contact surface in m?.

According to the heat transfer theory, if the measured
temperature is higher than the simulated temperature, the
identified thermal contact resistance is greater than the ac-
tual value of the bonding surface, and the thermal contact
resistance is directly proportional to the interface tempera-
ture difference. Therefore, this study introduces a correc-
tion factor, that is, the ratio of the measured temperature rise
to the simulated temperature rise as a correction factor of
the thermal contact resistance, and establishes a correction
function as,

{ Cc = Aty /Aty 6
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where, Cc is the correction factor; R" is the thermal contact
resistance corrected by correction factor in m*/K-W.

In Eq. (6), the instantaneous temperature rise is related to
the heat generation which is related to the spindle speed.
Therefore, the spindle speed, the measured and simulated
temperatures of thermal key points, the ambient tempera-
ture, the running time, and the initial thermal contact re-
sistance can be regarded as the input of the neural network;
The corrected thermal contact resistance can be regarded as
the output of the neural network. The thermal contact re-
sistance neural network model is composed of a 6-neuron
input layer, a 12-neuron hidden layer and 1-neuron output
layer. The transfer function and network training algorithm
are consistent with the neural network for predicting bear-
ing heat generation.

2.3 Sample collection and training

The prediction accuracy of neural network depends on the
accuracy of samples. The samples of neural network input
and output layer in sections 2.1 and 2.2 are obtained by
combining experiment, simulation, and calculation. The
specific steps are as follows,

The first step is to conduct 20 thermal characteristic tests
of motorized spindle running at different speeds for 30
minutes, and store the spindle speed, ambient temperature,
and the measured temperature of thermal key points at dif-
ferent running time in the database as part of the samples of
input layer.

In the second step, Eqs (1, 4) are applied to calculate the
initial heat generation and thermal contact resistance of the
motorized spindle as the input layer samples of the neural
network.



The third step is to calculate other boundary conditions
of thermal characteristic analysis. The heat generation of
the motor is calculated by the electromagnetic loss formula,
and the convective heat transfer coefficient is calculated by
Baz formula.

In the fourth step, the thermal characteristics of the mo-
torized spindle are simulated under the same working con-
ditions as the tests, and the simulated temperatures of ther-
mal key points at the same running time were stored in the
database as the input layer samples.

In the fifth step, the measured and simulated temperature
of thermal key points are fitted a function of time to calcu-
late the correction parameters of Cyy and Cc. Then, the bear-
ing heat generation and thermal contact resistance with cor-
rection factors can be calculated by Egs. (3, 6) as the train-
ing samples of output layers of the neural network. The first
corrected heat generation A' and thermal contact resistance
R' are obtained by online simulation.

To ensure sufficient convergence, the training parameters
are set as 5000 epochs, the learning speed is set as 0.05, and
the error is set as 107°, which is calculated by the mean
square error function as,

1 ~ 2
MSE = 525:1 S P — viej) 7

where, k is the number of neurons in the output layer; p is
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the number of training samples; 9 ; is the expected output
of the neural network; yy; is the output of neural network.
To improve the training accuracy, the training samples are
standardized to the range of (0, 1) through Eq. (8),

S=—1— (8)

where, S is the standardized training sample; X is the initial
training samples; n is the maximum order of magnitude of
training samples, n = 6.

Using Eq. (8) to standardize the training samples of neu-
ral network can avoid the problem of computer rounding
error and obtain more accurate training results. For the anal-
ysis effect of neural network algorithm regression, the R
Squared index as shown in Eq. (9) is used, the closer R? to
1, the better.

2
2 _4_ (yn _(Yi-0p?
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where, Y is experimental value; O is predictive value. The
samples are divided into training set and test set according
to the ratio of 8: 2, and the thermal boundary condition cor-
rection model is obtained by training. Fig. 2 is the predic-
tion results of partial thermal boundary conditions.
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a: Prediction of thermal contact resistance between front bearing and bearing sleeve

b: Prediction of thermal contact resistance between rear bearing and bearing sleeve

c: Prediction of heat generation of front bearing
d: Prediction of heat generation of rear bearing
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It can be seen from Fig. 2 that all the model evaluation
indexes are above 0.99. It shows that the prediction effect
of thermal boundary conditions of motorized spindle based
on BP neural network is good, which can effectively im-
prove the accuracy of finite element analysis.

3 Digital twin for thermal characteristics of
motorized spindle

Digital twin is to establish the digital image of the actual
physical system in the virtual system, expand new capabil-
ities for the planning and design, state monitoring and mo-
tion control of the physical entity, and map the correspond-
ing entity reality through virtual space. As shown in Fig. 3,
the digital twin principle of thermal characteristics of mo-
torized spindle is to use the IoT data acquisition system to
collect the temperature of thermal key points inside the mo-
torized spindle. After data preprocessing, the thermal
boundary conditions are predicted by BP neural network
and applied to the virtual model of the motorized spindle.
ANSYS Parametric Design Language (APDL) is used to
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analyze the thermal characteristics of the motorized spindle.
The analysis results are mapped to the virtual space to real-
ize the digital twin of the thermal characteristics of the mo-
torized spindle.

3.1 Digital twin system architecture

Fig. 4 shows the architecture of thermal characteristic digi-
tal twin system [21]. The digital twin system includes three
parts: physical space, twin space and virtual space. The twin
space is connected with physical space and virtual space
through [oT data acquisition system. Combined with the pa-
rameters such as ambient temperature and motorized spin-
dle speed input from the user system interface, the real-time
thermal boundary conditions of motorized spindle are pre-
dicted through BP neural network and output to APDL com-
mand stream file for thermal characteristic simulation of
motorized spindle. Finally, the simulation results are
mapped to virtual space to realize digital twin of thermal
characteristics of motorized spindle.
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Fig. 4 Framework of digital twin system for thermal characteristics
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3.2 Digital twin system development

3.2.1 Physical space development

The physical space is composed of motorized spindle, sen-
sors, IoT data acquisition system and computer, as shown
in Fig. 5. The IoT data acquisition system collects the tem-
perature and displacement data of thermal key points of the
motorized spindle measured by the sensors. IoT acquisition
system realizes data interaction with host computer data-
base through IP address and port number.

Fig. 6 shows the embedded position of the temperature
sensors in the motorized spindle. Five temperature sensors
are used to measure the temperature of thermal key points
during motorized spindle running [22], in which T1 and T2
are installed at the front bearing outer ring and front bearing
sleeve to measure the temperature of the front bearing outer
ring and bearing sleeve; T3 and T4 are installed at the rear
bearing outer ring and rear bearing sleeve to measure the
temperature of the rear bearing outer ring and bearing
sleeve; T5 is pasted on the motorized spindle housing to
measure the temperature of the motorized spindle shell. The
data collected by each temperature sensor is used to realize
the real-time correction of the thermal boundary conditions
of the motorized spindle.

3.2.2 Twin space development

Twin space mainly includes data access module and graphic
modeling module [23]. The data access module is mainly
the data interaction between MATLAB, LabVIEW and IoT
data acquisition system. The communication software
based on TCP/IP protocol is developed by using LabVIEW
to import the experimental data into the database in real
time. Then, combined with the ambient temperature and
motorized spindle speed input by the user in the graphical
interface as the input layer of the neural network model, the
real-time thermal boundary conditions of motorized spindle
are predicted through remote call of Matlab. The specific
communication flow of TCP is shown in Fig. 7.

The client and the server realize information transmis-
sion through sockets. After the connection is established,
the server analyzes the request message according to the
protocol specification after receiving the request message,
and then returns the response message to the client to obtain
real-time data.
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Fig. 7 TCP communication flow

The graphical modeling module is mainly the data inter-
action between Matlab GUI and APDL command stream
file. Due to the use of ANSYS for thermal characteristics
simulation analysis requires a certain amount of calculation
time, in order to avoid mutual error, the predicted thermal
boundary conditions are transmitted to the APDL command
stream file every 60 seconds for Ansys batch start-up for
thermal-structural coupling simulation. The APDL post-
processing content includes the export of motorized spindle
temperature field, thermal deformation field, simulation
temperature of thermal key points, correction data, etc. The
post-processing results are saved to the database, where the
simulation temperature of thermal key points and the run-
ning time of motorized spindle are called to the neural net-
work model as the input layer. The specific data interaction
process of twin space is shown in Fig. 8.

3.2.3 Virtual space development

As shown in Fig. 9, a digital twin system based on Matlab
GUI, APDL and LabVIEW is developed to study the ther-
mal characteristics of motorized spindle. The application
can realize the starting, stopping, and speed change of mo-
torized spindle, real-time data interaction, result visualiza-
tion, monitoring correction accuracy and, etc.
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In the system interface, the user only needs to input the
ambient temperature and motorized spindle speed. In the
background, the input parameters are transmitted to the
twin space every 60 seconds through the I/O flow to com-
plete the transient thermal-structure coupling simulation
with a step length of 4 seconds and a step end time of 60
seconds, and then the simulated temperature field and ther-
mal deformation of the motorized spindle are displayed in
real time through UIlAxes component in Matlab GUI. The
real-time temperature of the five key points, the thermal de-
formation of the core spindle along X-, Y-, and Z-directions,
and the monitoring accuracy are displayed in real time
through the UlTable component. Finally, the historical data
is stored in the database to provide a basis for error com-
pensation and thermal optimization design.
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4 Experimental validation

For a type of high-speed motorized spindle, the physical
space is arranged as shown in Figs. 5 and 6, and the thermal
characteristics of the motorized spindle running at the speed
as shown in Table 2 for 30 minutes are tested by using the
thermal characteristics digital twin system. Three eddy cur-
rent displacement sensors are used to measure the thermal
deformation of core spindle along the X-, Y-, and Z-direc-
tions, and the laboratory temperature was 25.34 °C. Fig. 10
shows the digital twin diagram of thermal characteristics of
motorized spindle when it runs at 9000r/min for 30 minutes.
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Table 2 Monitoring accuracy under different rotating speed and temperature environment

Speed (rpm) Ambient temp. (°C) Temp. accuracy (%) Thermal deformation accuracy (%) Average accuracy (%)
7200 24.49 99.3 95.6 Temp.  Deformation
8400 24.90 98.8 96.2

9000 25.34 99.6 96.5

9600 25.50 98.5 97.1

10200 25.17 98.7 954 98.62 96.06

11400 24.50 99.2 95.6

12000 23.90 98.9 96.2

12600 24.62 99.1 95.9

Fig. 10 (a) shows the temperature field of the motorized
spindle. The areas with high temperature of the motorized
spindle are concentrated at the front and rear bearings, sta-
tor, and rotor, of which the rotor temperature is the highest
which is 57.017 °C, followed by the front and rear bearings
and stator. The main reason is that the bearings and stator
are assembled inside the spindle and the heat dissipation
conditions are poor, but part of the heat of the front and rear
bearings and stator is transferred to the cooling system and
taken away by the coolant, while the rotor can only dissi-
pate heat through internal air convection and radiation. Fig.
10 (a) also shows that the temperature field of the motorized
spindle is ununiform, which will lead to inconsistent ther-
mal deformation of the components and thus affect the ther-
mal boundary conditions. Fig. 10 (b) shows the thermal de-
formation of the motorized spindle, and the maximum ther-
mal deformation is 8.47 um which occurs at the front end
of the core spindle.

Fig. 11 shows the comparison of thermal characteristics
between digital twin and actual measurement results at the
speeds of 7800 rpm and 10800 rpm. It can be seen from Fig.
11 that the digital twin of thermal characteristic based on
neural network correction of thermal boundary can better
map the thermal characteristic of the motorized spindle, and
can realize the whole process mapping of thermal charac-
teristic of the motorized spindle, and have good following
performance.

Table 2 shows the digital twin accuracy of thermal char-
acteristics of motorized spindle under different test speeds.
Among them, the minimum accuracy of five key tempera-
ture measurement points is 98.5%, and the average accu-
racy is 98.62%; The minimum accuracy of thermal defor-
mation is 95.4%, and the average accuracy is 96.06%. It
proves that the digital twin for thermal characteristics of
motorized spindle based on BP neural network can effec-
tively improve the accuracy of thermal characteristic anal-
ysis of motorized spindle.

Based on the comprehensive analysis of the digital twin
results of the thermal characteristics of the motorized spin-
dle, the following performance needs to be improved when
the temperature rise rate of the motorized spindle changes
rapidly. As shown in Fig. 11, the temperature accuracy of
the key temperature measurement point T2 near 200 sec-
onds is lower than at other times due to the fact that the
neural network training samples are collected at evenly dis-
tributed time intervals, while the temperature rise rate
changes rapidly when it tends to thermal equilibrium. The
prediction accuracy can be improved by increasing the col-
lected samples in this time period.

5. Conclusion

Accurate thermal characteristic analysis of motorized spin-
dle is the premise of thermal optimization design and error
compensation. Due to the complexity of boundary condi-
tions, the accuracy of thermal characteristic analysis of mo-
torized spindle is limited. In order to improve the accuracy
of thermal characteristic analysis, the correction model of
thermal contact resistance of joint surface and bearing heat
generation is constructed based on BP neural network, and
the digital twin system for thermal characteristics of motor-
ized spindle is developed based on ANSYS, MATLAB and
LabVIEW to realize the digital twin for thermal character-
istics of motorized spindle. According to the test results, the
following conclusions are drawn.

The training accuracy of BP neural network is highly re-
lated to the samples. The samples of the input layer can be
accurately obtained by sensors, while the samples of the
output layer need to be obtained by combining test, simula-
tion and correction function. Constructing an accurate cor-
rection function can effectively improve the prediction ac-
curacy of neural network; The collection of training sam-
ples also has a great impact on the training accuracy of the
network. The sample collection volume can be increased in
the area with large changes in thermal characteristics to im-
prove the prediction accuracy. The test results show that the
accuracy of digital twin temperature and thermal defor-
mation of motorized spindle based on BP neural network
correcting thermal boundary conditions is 98.62% and
96.06%, which can effectively improve the accuracy of fi-
nite element analysis of thermal characteristics, and lay a
foundation for error compensation and performance optimi-
zation of motorized spindle.
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Fig. 10 a: Temperature field
b: Thermal deformation
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