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Abstract

To improve stability and accuracy during machining, the structural performance of machine tools must be predicted in
advance. This study aims to improve the performance of a large-scale turning-milling complex machine tool by analyzing
its structural characteristics and health status. Modal and spatial accuracies of an actual machine tool were analyzed using
the finite element method based on the working environment and material properties. Static analysis was used to determine
spatial processing position deformation errors and an appropriate compensation value to improve accuracy. The modal
analysis determined the characteristic parameters of the main machine structure in a fair frequency range, and the modal
analysis software verified the machine frequency using modal shape curve fitting. Modal error percentages between the vir-
tual and machine models determined the validation of the model. The prediction diagnosis performance system monitored
the spindle vibration signal to evaluate its health status. However, the use and maintenance of each piece of equipment dif-
fered. Abnormal symptoms of the spindle are observed in specific frequency bands or vibration characteristics. The feature
modeling can establish a health diagnosis model and use the principal component analysis method to observe vibration
characteristics and identify machine health.

Keywords Large turning-milling complex machine tool - Modal analysis - Spatial precision analysis - Error compensation -

Prediction diagnosis performance system - Principal component analysis method

1 Introduction

Finite element method (FEM) is used to improve accuracy
and productivity in machine tools by analyzing machining
operations and structures. Errors in machining operations
can be studied and minimized to improve part accuracy.
Analyzing the stress and deformations of machine tool parts
under actual loads improves performance and operational
life cycle. Kiew et al. [1] discussed the relationship between
the vibration of the machine spindle and its surface finish.
In the machining process, the difference in spindle speed
caused different degrees of mechanical vibration, which had
a considerable impact on the surface finish of the workpiece.
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Using the fractal dimension in fractal analysis as an indica-
tor of the complexity of the time series, the depth of cut,
spindle speed, and feed rate were added to the parameter
settings. Consequently, the relationship between the vibra-
tion signal and the machined surface becomes more compli-
cated. According to Kim et al. [2], the chatter generated
during the machining process can have adverse effects on
the tool, workpiece, and machine. Therefore, choosing a
suitable rotational speed can prevent chatter vibration. How-
ever, the existing flutter detection methods can only detect
flutter after the vibration becomes unstable. Therefore, Kim
et al. proposed an operating modal analysis to analyze the
turning process using a discrete-time-domain finite-set
dimension system. The regenerative vibration in the model
was modeled, and the change in the damping ratio of the
main pole was used as a monitoring parameter to reduce the
stable vibration signal before it became unstable. To esti-
mate the dynamic modal parameters accurately, Zaghbani
et al. [3] conducted spectrum analysis and modal tapping
experiments on a machine. The parameters obtained during
the testing and analysis were compared and used to predict
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the dynamic characteristics during machining. Fujishima
et al. [4] analyzed the thermal sensitivity of a machine based
on the thermal deformation caused by heat transfer between
the surrounding environment and the machine structure and
the resulting temperature changes inside the machine struc-
ture. The geometric shape of the thermal plane rendered the
machine structure more resistant to thermal displacement.
In addition, a neural network and thermal displacement com-
pensation method for deep learning of temperature sensors
have been proposed. Ericson et al. [5] used a modal analysis
technique to analyze the dynamic characteristics of the two
spur planetary gear planes. The natural frequencies and
mode shapes of the planetary gears were obtained through
modal experiments and compared with those obtained from
a linear element modal analysis. Two different frequency
ranges and mode shapes were identified from the experimen-
tal results and were verified using a lumped parameter
model. The number and types of modes at low and high
frequencies depend on the degrees of freedom of the core
and planetary gear. The prediction accuracy of the natural
frequency improved when the gears were in the same direc-
tion as the curve and radial directions of the shaft. Yang
et al. [6] established a three-dimensional finite element
analysis model for the diamond turning of spherical sur-
faces, and the tool motion path during processing was con-
trolled using self-developed software. The tool head radius,
cutting depth, and feed speed were used as the experimental
parameters to determine the influence of the three parame-
ters on the surface roughness. The coordinates of the nodes
on the machined surface were collected experimentally to
evaluate the surface roughness. The experimental results
showed that the radius of the cutter head had the greatest
influence on surface roughness, and the analysis results were
consistent with the experimental results. Yin et al. [7] pro-
posed multiple iterative error compensation technologies to
improve the milling accuracy of automatic milling machines
by increasing their efficiency, diversification, and flexibility.
A model was established for the flexible connecting rod in a
robotic arm. The relationship between the cutting force and
cutting depth was determined based on a milling force pre-
diction model, and the machining error and milling depth of
the workpiece were predicted. The corresponding error com-
pensation system was established using a multiple-iteration
method. The experimental results show that the relative error
of the post-frequency average was less than 3%, which veri-
fies the reliability of the compensation method. Gao et al.
[8] reported that the thermal error significantly affects the
machining accuracy, and compensation technology is impor-
tant for improving machining accuracy. A long short-term
memory neural network and particle swarm optimization
were used to calculate the thermal error. First, the model was
established to measure the thermal error of the ball screw.
The prediction was followed by thermal error experiments
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using the step and random speeds as the parameters. The
results showed that the model had better accuracy and stabil-
ity than previously reported models. Wu et al. [9] discussed
the positioning error of a double ball bar caused by the geo-
metric error of the translation axis in a multi-axis machine
tool and established a multi-body system positioning error
model using a homogeneous transformation matrix and the
theory of multi-body systems. They also established 18
iterative compensation methods for position-related geomet-
ric errors and corrected the NC code generated by the con-
ventional compensation method. The compensation value of
the iterative compensation method was smaller than that of
the conventional method. The iterative compensation
method avoids geometric errors caused by the effect of trans-
lation on rotation. Li et al. [10] discussed the factors affect-
ing the dimensional accuracy of the micro-axis in the turning
process, including workpiece deformation, cutting force, and
tool setting errors. The constant-force cutting method was
used to propose a compensation method for the tool path
planning error, and finite element analysis was used to pre-
dict the workpiece deformation during the turning process.
The amount of deformation was experimentally determined
to evaluate the accuracy of the compensation value and the
factors that affect the cutting force. Zhao et al. [11] discussed
a drilling and riveting system for aircraft assembly, which is
composed of two five-axis machine tools that cooperate with
each other. They also discussed the relative positioning accu-
racy of the two machine tools through static error analysis.
Based on the relative positioning accuracy, an error predic-
tion model and error compensation strategy were estab-
lished. Based on the position of the driving device, the pro-
gram code is modified to compensate for the motion path.
Finally, the experimental measurement data proved that the
proposed compensation strategy was feasible. Li et al. [12]
discussed the thermal error of a spindle in a horizontal
center-processing machine, and the principal component
analysis (PCA) method was used to establish an axial ther-
mal error model for the temperature change in the spindle
within a time interval. The thermal error data were then
compared with the original temperature to examine the
model and its predictions to obtain a precise value. To
explore the performance of engineering structures at unsta-
ble frequencies, the machine learning input used in the past
was typically the structural response, such as the strain and
frequency; however, this machine learning method is easily
affected by noise, which reduces its damage identification
ability. Therefore, Zhang et al. [13] proposed a displacement
PCA. This method is used as the input for machine learning
because using displacements instead of strain or frequency
to verify the input after feature comparison yields more
accurate results. Yuqing et al. [14] discussed machine tool
damage identification using a vibration signal and extracted
the principal component feature map using the characteristic
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parameters of time—frequency statistics and probabilistic
principal component analysis. Liu et al. [15] proposed that
the milling process and chatter due to cutting affect produc-
tivity and quality. To monitor the occurrence of chatter effec-
tively, the variational mode decomposition method was used
to break down the vibration signal into several signals, and
the PCA method was used to reduce the viewing dimension.
The feature size and calculation amount were used to clas-
sify the state of the machine tool using these features and to
monitor the cutting chatter of different machining methods.
Hong et al. [16] used a Solidworks simulation to perform
static analysis on the primary axis, secondary axis, and bed
of a CNC machine to examine the stress and displacement
of the CNC machine tool. The ideal stress value of the origi-
nal machine to resist external loads without being damaged
was compared with that of a lighter machine. The maximum
stress of the machine tool was less than the yield strength,
and the stress value satisfied the condition for safe operation.
Jun et al. [17] presented a study on the mechatronics mod-
eling of a five-DOF hybrid machine tool. Du et al. [18] pro-
posed quality monitoring and prediction to ensure high-
quality or zero-defect production. Guo et al. [19] proposed
a surface topography model based on the dynamic charac-
teristics of the processing system and the properties of the
cutting process. Dongju Chen et al. [20] investigated that the
eccentricity ratio affects the spindle system film thickness,
stiffness, and deformation; static and dynamic modeling was
used. First, a static model is utilized to study spindle defor-
mation due to parameter change. The second phase analyzes
eccentricity-induced vibration with a dynamic model. The
dynamic findings are used to calculate the imbalance-
induced force in two directions to examine the influence of
imbalanced vibration on machining precision in the third
stage. Zhaoshun Liang et al. [21] developed a system-ori-
ented DT framework that uses weak machine components as
digital threads to model dynamic processes with multiple
models. They correlate position and cutting excitation vari-
ables using structural dynamics theory, employing frequency
response function (FRF) for online process performance
characterization and synchronization [22]. The proposed
machine failure detection approach is limited, not covering
all machine tool models, lacking research on additional
properties, and unable to predict when there is no response.
Transport vehicle health is unexamined, which can disrupt
scheduling. Future studies will address these issues. Chao
Zhang et al. [23] studied integrates digital twin with multi-
access edge computing (MEC) and proposes a novel frame-
work for building a knowledge-sharing intelligent machine
tool swarm with ultra-low latency that supports secure
knowledge sharing across authorized machine tools. Next,
digital twin machine tool swarm construction, knowledge-
based cloud brain learning, and MEC-enhanced system
deployment are introduced as framework enabling

approaches. Finally, application examples and evaluation
studies show that the proposed approach works with a pro-
totype system. The performance, accuracy, and longevity of
these intricate machining systems are crucially dependent
upon structural health monitoring in precision turning-mill-
ing machines. For sectors where the need for high-quality
components is paramount, like aerospace manufacturing and
automotive, precision in turning and milling processes is
essential. With structural health monitoring, potential mal-
functions can be avoided and consistent precision is ensured
by early detection of any deviations or weaknesses in the
machine’s structural integrity. Operators can maintain accu-
racy in the production of complex and valuable components
by proactively addressing issues, implementing preventive
maintenance procedures, and optimizing machining param-
eters through continuous machine health monitoring. By
lowering downtime and the possibility of expensive repairs,
this not only improves operational efficiency but also helps
save money. In industries where precise turning and milling
machines must meet strict quality and efficiency standards,
structural health monitoring plays a critical role in preserv-
ing their dependability and performance. In precision turn-
ing and milling machines, structural health monitoring
(SHM) is essential because it can give real-time data on the
machine’s condition, allowing for timely maintenance and
minimizing downtime [24]. A crucial component of SHM,
vibration monitoring is crucial for machine tool structures
as it can be used to anticipate mechanical wear and failure
[25]. It has been demonstrated that novel approaches to
SHM, like the application of active magnetic bearings, are
successful in identifying structural damage in rotating
machinery [26]. The feasibility and accessibility of these
monitoring techniques are further improved by the develop-
ment of low-cost, non-contact SHM systems for rotating
machinery [27].

The application of machine learning to improve CNC
machining accuracy has been the subject of numerous stud-
ies. Artificial neural networks were used by [28] Shashidhara
and Suneel to predict and correct machining errors, improv-
ing part accuracy. Yemelyanov [29] concentrated on CNC
machine design and employed cutting-edge techniques to
lower resonance zones and relative motion, improving accu-
racy. In order to optimize cutting parameters, Abbas [30] used
an artificial neural network and the Edgeworth-Pareto method.
This led to an improvement in surface roughness and minimal
material removal rates. Taken as a whole, these studies show
how machine learning can improve CNC machining accuracy.

In recent years, the machine tool industry has developed
turning and milling compound processing technology, and the
tendency is currently progressing toward high-precision, high-
speed, and compound development. Because machine tools
are mostly small to medium-sized, they are mainly used to
process automobile, motorcycle parts, home appliances, and
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hardware. To avoid competition due to low product prices, a
large turning and milling machine was selected as the subject.
It mainly focuses on the processing of large components, such
as large offshore fans. Because the weight of the processing
material exceeds 40 tons and there are certain requirements
for processing quality and efficiency, the structural strength
requirements of the machine tool are particularly important.
To rectify this industrial barrier in this study, static and modal
analyses of the machine tool were performed using FEA code
to understand the static and dynamic characteristics of the
machine tool. At the same time, there are plans to add the
concept of intelligent machinery to machine tools. Through
intelligent pre-diagnosis and PCA, the vibration signal of the
machine can be converted into a feature distribution map, and
the health of the machine tool spindle can be determined.
Machine health status monitoring technology integrates the
elements of intelligent technology such that the machine tool
has intelligent functions, including fault prediction, spatial
accuracy compensation, and the real-time monitoring of
health status. The flowchart of the study is shown in Fig. 1.

2 Methodology

2.1 Mathematical model and software

When performing a linear static structural analysis, a general
matrix equation of a mathematical model is used to solve
for stress and displacement results in the computer program
without taking into account inertial force, damping force,
impact force, or the nonlinear state of the contact surface.

[ml{u} = {f} 6}

where [m] is the material stiffness matrix, {u} is the displace-
ment vector, and {f} is the external load vector.

The formulation of the dynamic equation for structures
in modal coordinates can be expressed as:

d"MpG+ ' Chg+ d"Kpg = ¢p'F )

In the given equation, ¢ represents the normalized mode
shape, F is the input force vector, and g represents the
modal displacement vector. The process of transforming the
dynamic equation in modal coordinates into a state-space
model can be mathematically represented as stated in [31].
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to the n — the degree of freedom in response.

The excitation force can be mathematically represented
as F = fe/*'. The modal displacement for the » mode can be
expressed as ¢, = Q,¢/". By substituting the excitation and
modal displacement into Eq. (3), we obtain the dynamic
equation of the mode following modal decoupling.

(—? +jwc, + @) 0, = ¢ 4)

The symbol f represents the amplitude of the excitation
force signal, whereas @ denotes the frequency of the exci-
tation force signal. The symbol Q, represents the amplitude
of the response, which signifies the influence of the r — the
mode on the structural vibration response at a specific fre-
quency.w, is the natural frequency of the system.

The Kalman filter algorithm has the capability to estimate
the necessary system information based on the measured sig-
nals. The input of this algorithm is the observed value of a
system, while the output is the estimated state of the system.
The modal parameters of a structure can be identified from
the vibration signal to determine the vibration response of the
structure. These modal parameters represent the state variable,
and the contribution Q, can be calculated accordingly. The
determination of the mode of vibration is achieved through the
evaluation and comparison of the quality factor, denoted as Q,.

The experimental hardware equipment used in this
study included a turning-milling machine tool, impact
hammer (PCB Model 086D20), three-axis accelerom-
eter (Endevco Model 65-100), spectrum analyzer, smart
machine box, and single-axis accelerometer (1801B). The
software includes the Workbench, a platform for pass-
ing data between the ANSYS software packages and is
not finite element analysis software. However, ANSYS
Mechanical is the applicable finite element analysis soft-
ware package. Novian spectral analysis, and MEscope
modal experiment post-processing software. The main
research process includes setting the structural material
parameters and boundary conditions, solving for the static
and dynamic characteristics analysis results, testing the
dynamic characteristics, collecting vibration signals, and
comparing the vibration characteristics. Modal used in
this study is a turning-milling compound machine. CAD
was used to construct the three-dimensional (3D) solid
model. As shown in Fig. 2, the main structure is divided

0
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Fig. 1 Research flow chart
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into six parts: the base, spindle box, milling structure,
turning structure, tailstock, and secondary track. The
material for the base, secondary track, turning structure,
and milling structure is GB300; and FC350 was used for
some components of the tailstock, and spindle box prop-
erties are listed in Table 1.

CO mparison

Prediction Diagnosis
Performance System

Collect vibration signals

Principal component
analysis

[
|
[
|

Conclusion

2.2 Mesh generation and mesh independence study

The mesh-independent analysis is one method for overcom-
ing the challenges related to generating a conforming mesh
to approximate the geometry for finite element analysis.
Despite the fact that several meshless methods have been
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Milling br:gglc
structure

(a)

(b)

Fig.2 a CAD model of turning and milling compound tool machine and b real machine model

Table 1 Material properties

Property GB300 FC350 Unit
Density 7280 7300 kg/m?
Young’s modulus 1.35E4+05 1.45E+405 MPa
Tensile yield strength 294.2 364.9 MPa
Compressive yield strength 1100 1250 MPa
Poisson’s ratio 0.3 0.32
Table 2 Mesh detail Mesh detail
Node 1,845,075
Elements 1,024,708

Fig.3 a Mesh model and b grid
independence

(@

thoroughly and extensively investigated over the past two
decades, many recent methods have demonstrated the pos-
sibility and benefits of representing geometry without the
use of meshes. Investigation on the mesh convergence tests
was conducted in order to enhance the precision of the finite
element analysis as per [32-34]. The investigation focused
on analyzing the variations in elastic deformations, total
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deformations, and maximum shear stresses across different
element numbers, as part of the conducted mesh conver-
gence experiments.

For the mesh, the element type is “tetrahedral,” the mesh
size of the bed table and auxiliary rail is 80 mm, and the
mesh size of the turning structure, milling structure, head-
stock, and tailstock is 50 mm. The total number of nodes
was 1,845,075, and the number of elements was 1,024,708
(Table 2). At this configuration of mesh specification, the
error discrepancy came out to be less than 1% which became
the reason for its consideration.

The CAD models were exported to ANSYS Workbench
in order to construct finite element models. The meshing
process was the initial phase of the first stage. The efficacy
of finite element analysis is significantly influenced by the
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'
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mesh generation procedure. The accuracy of the computation
is contingent upon the dimensions of the mesh employed.
Greater credibility can be attributed to the outcomes when
employing a smaller mesh size; however, this advantage
is counterbalanced by a notable increase in computational
time. Initially, a preliminary mesh creation is conducted in
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order to achieve an optimal trade-off between mesh quality
and computational efficiency. During the process of analysis,
the mesh of the model is partitioned into numerous elements
(Fig. 3).

3 Results and discussions
3.1 Modal analysis

The vibration dynamics of the structure are explained by the
modal analysis performed on the machine with fixed bound-
ary conditions at the feet. To identify possible weak points,
it is important to consider the associated modal shapes and
identified natural frequencies. The initial mode, which has
a frequency of 51.4 Hz, shows a noticeable Z-swing, indi-
cating a large vertical structural response. A noticeable
swing in the X direction is depicted in the second mode at
57.3 Hz, which sheds light on possible lateral vibrations.
The dynamic behavior of the system is better understood
in relation to the third-order mode at 62.6 Hz. The results
of this research are crucial for precision machining because
they indicate which rotational speeds to avoid in order to

1%t Mode frequency 51.4 Hz

(a)

Fig.4 Modal analysis results

Fig.5 Experimental apparatus
Impact Hammer test o

hammer

2" Mode frequency 57.3 Hz

minimize chatter-induced errors. It is critical to match opera-
tional parameters to the findings of the modal analysis in
order to maximize machining efficiency and guarantee high
precision by reducing resonance-related issues (Fig. 4).

3.2 Experimental validation of modal analysis

A modal experiment was conducted to verify the accuracy
of the modal analysis. The modal experiment was con-
ducted using a spectrum analyzer, impact hammer, and
triaxle acceleration gauge. First, the tapping and measure-
ment points of the accelerometer must be designated on the
model. The main measurement points for the accelerometer
were located on the headstock, milling structure, and tail-
stock, as shown in Fig. 5.

An impact hammer was used to strike the headstock to
excite the structure, which was accelerated through triaxle
acceleration, and the vibration signals were collected using
a gauge. The impact hammer used in the tapping experi-
ment of this study is the PCB model 086D20. The func-
tion of the impact hammer is to measure the frequency
response caused by tapping on the structure, thereby
understanding the motion characteristics of the structure

3rd Mode frequency 62.6Hz

Machine Tool

Experimental Setup For Model Analysis

Data Acquisition Device

Signal Conditioning
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Table 3 Impact hammer PCB model 086D20 specifications

Type Unit Specification
Sensitivity (+15%) mv/N 0.23
Measured force peak range N pk +22,240
Resonance frequency kHz >12
Nonlinearity % <1
Excitation voltage VDC 20~30
Rated current mA 2~20
Output impedance Q < 100
Output bias voltage VDC 8~14
Discharge time constant sec > 1400
Impact hammer weight kg 1.1

Head diameter cm 5.1

Impact hammer length cm 37
Electrical connection position - Handle base

Electrical connector - BNC connector

Table 4 Triaxle accelerometer specifications

Dynamic characteristics Unit Specifications
Range g (m/s?) +50(490)
Voltage sensitivity mV/g(mV/m/s?) 100 (10.2)
Amplitude response

+1dB Hz 1.5~6000
+3dB Hz 0.7~6000
Phase response (+5°) Hz 10~1500
Resonance frequency Hz 45,000
Inspection results

X-axis sensitivity mV/g 103.9
Y-axis sensitivity mV/g 104.0
Z-axis sensitivity mV/g 104.6

and verifying the accuracy of modal analysis. The specifi-
cations of the impact hammer are shown in Table 3.

The spectrum analyzer used in this experiment is a
dynamic measurement and analysis instrument. It is pri-
marily paired with the Novian spectrum analysis software
to perform fast Fourier transform (FFT) on the vibration
signals, thereby transforming the time-domain signals
into frequency-domain signals. Finally, the results are
displayed on the spectrum analysis software, making it
convenient for users to read information such as structural
frequency response, correlations, and tapping force magni-
tude. In this experiment, the triaxle accelerometer installed
on the spectrum analyzer is the Endevco model 65-100
triaxle accelerometer. This accelerometer is of the piezo-
electric type and primarily converts the potential energy
changes of structural vibrations into changes in charge, in
order to measure the vibration frequencies of the structure.
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The specifications of the Endevco model 65-100 triaxle
accelerometer are presented in Table 4.

The data were input into the Novian spectrum analysis
software to perform Fourier transformation of the vibra-
tion (Fig. 6). Curve fitting was performed with MEscope
software to obtain the parameters of the structural mode
shape and confirm the modal and spectrum analysis
results. The experimental results show that the first-,
second-, and third-order modes are 51.5 Hz, 60 Hz, and
63.5 Hz, respectively.

Compared with the modal analysis, the error percentage
for the first-order mode was 0.2%. The second- and third-
order modes were 4.5% and 1.4%, respectively (Figs. 7
and 8). The error between the simulation and experimental
results was less than 4.5%. The results showed that the
boundary conditions in the analysis model were consistent
with those of the actual machine.

4 Spatial precision

During the machining process, the machine tool is not
set in a fixed position. It performs a reciprocating pro-
cessing cycle in the space. Therefore, this study mainly
focuses on the changes in the accuracy of the machine at
different positions in space during machining, observing
the changes in the static and dynamic characteristics of
the machine, discussing the relative deformation of the
spindle and tool during the machining process, and evalu-
ating the geometric error of the machine tool. The com-
ponents of the moving path generate component errors
with other moving points. The compensation value can be
calculated using the arithmetic mean to correct the errors
generated during movement and improve the positioning
accuracy of the machine. In addition to the overall relative
deformation, the model changes at different positions in
space are discussed. To avoid resonance in the mechanical
structure, we can use an analysis to predict the machining
position in different coordinate systems during process-
ing. By determining these natural frequencies, they can be
avoided during processing, and the surface accuracy of the
work piece can be improved. First, we located the origin
of the machine as a reference point, and then, we designed
a position table based on the mechanical characteristics to
plan the processing space. It is divided into three planes,
as listed in Table 3. The height of plane B was 0 mm, and
planes C and A were spaced 240 mm above and below,
respectively, as shown in Fig. 9.

Each plane in the space was then divided into 12 points,
and each point was identified using a code. The three
planes have a total of 36 points, as shown in Fig. 9 and
Table 5.
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Fig.6 Measurement points for the modal experiment

iew: 3D View 1ew: 3D View
Normal Sh [Normal Shape]
L Bt ok 1 LK: Data Block 1
Teq: 51.5 req: 60 (Hz)

15t Mode

Fig. 7 Experiment modal analysis result

4.1 Staticrigidity analysis of the spatial position

The static rigidity self-weight analysis of the machine was
conducted by setting the gravity of each point in space and
observing the relative deformation relationship between the
cumulative error of the tool owing to the stacking of the
different linear axes and the spindle. From the self-grav-
ity static analysis results, the relative deformation ranges
between the spindle and the tool for planes A, B, and C are
0.3-11.3 um, 1.5-11.2 um, and 0.2-9.1 um, respectively.
For the structural deformation caused by the influence of

2n Mode

1ew: 3D View
[Normal Shape]

LK: Data Block |

Teq: 63.5 (Hz)

3rd Mode

gravity on the machine tool structure, the spatial points with
the largest relative deformation are located at positions 3, 6,
9, and 12, determined through the analysis of the line graph
results at each point, as shown in Fig. 10.

For the relative deformation of the three planes, the arith-
metic mean was calculated by adding points 1 to 12, dividing
by 12, and subtracting the outcome from the relative defor-
mation of each point. For the compensation value in space,
the average gravity deformations were 8.4 um for plane A,
7.4 um for plane B, and 5.9 um for plane C, as shown in
Table 6, 7, and 8, respectively. After the error value was
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Fig.8 Numerical validation of modal analysis

calculated, the tool nose error compensation was performed
in the controller.

Subsequentlyntly, a force of 2000 N was applied to the
tool handle to simulate the cutting of the workpiece. The
self-weight was also set to perform a static analysis of each
point in space and observe the relative deformation between
the spindle and tool. From the analysis results, the relative
deformation range between the spindle and the tool was
1.9-9.6 um, 0.8-10.2 um, and 4.3-19.8 um, for planes A,
B, and C, respectively. For the structural deformation of the
tool handle owing to the influence of the cutting force, by
analyzing the line graph at each point, the spatial points with
the largest relative deformation were points 3, 6, 9, and 12,
as shown in Fig. 11.

For the relative deformation of the three planes, the arith-
metic mean was calculated by adding points 1 to 12, divid-
ing by 12, and subtracting the outcome from the relative
deformation of each point. For the compensation value in
space, the average self-weight deformations were 5.9 um,
3.6 ym, and 10.5 um for planes A, B, and C, as shown in
Table 9, 10, and 11, respectively. After the error value was
calculated, the tool nose error compensation was performed
in the controller.

Fig.9 Spatial location diagrams
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Table 5 Space location planning table

Y-axis Z-axis
0 mm 2500 mm 7500 mm 10,000 mm
0 mm Point 1 Point 4 Point 7 Point 10
0, 0) (0, 2500) (0, 7500) (0, 10,000)
370 mm Point 2 Point 5 Point 8 Point 11
(370, 0) (370, 2500) (370, 7500) (370, 10,000)
740 mm Point 3 Point 6 Point 9 Point 12
(740, 0) (740, 2500) (740, 7500) (740, 10,000)
—— Plane Ai
—{>— Plane B
10 —O— Plane C|

s
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g 44
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Fig. 10 Three-plane gravity relative deformation

4.2 Analysis of dynamic characteristics
of the spatial position

When the main shaft moves in space, the structure and
shape are different owing to the change in position at any
time. Structures with different geometric shapes exhibit
different natural frequencies. Therefore, in this study,
the analysis points in each plane have different natural
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Table 6 Error compensation
between the spindle and tool in
plane A—gravity (um)

Table 7 Error compensation
between the spindle and tool in
plane B—gravity (um)

Table 8 Error compensation
between the spindle and tool in
plane C—gravity (um)

Fig. 11 Three-plane force rela-
tive deformation

Table 9 Error compensation
between spindle and tool in
plane A—force (um)

Table 10 Error compensation
between spindle and tool in
plane B—force (um)

Point A2 A3 A4 A5 A6 A7 A8 A9 Al10 All Al2
Deformation 2.0 3.1 106 11.0 113 96 112 113 89 104 105
Average error
Compensation -64 =53 22 2.6 2.9 1.2 28 2.9 0.5 2.0 2.1
Point B2 B3 B4 B5 B6 B7 BS B9 B10 BI11 BI2
Deformation 1.9 2.1 94 97 99 86 101 112 78 8.2 8.3
Average error
Compensation -55 =53 20 23 25 12 27 3.8 0.4 0.8 0.9
Point Cc2 C3 c4 C5 C6 C7 C8 (C9 C10 C11 C12
Deformation 0.3 1.9 77 87 91 71 78 81 62 6.6 7.6
Average error
Compensation -56 -4 18 28 32 12 19 22 03 0.7 1.7
124 21+
D/D/D }7 —— Plane A
) 18 4 A +——4—Plane BH
19 ‘”/A\ E/Erﬂ /(5/ —O— Plane C||
/é\ o oAb :‘\15_ j/ | !
D £ C |
= o/ £ 12 53
g Z o e D/é/]
k=) & / %
5 44 5 / 7
6 -
—{— Plane A K ,
2 —— Planc B | g /A
—O— Plane C D/D/EI R ON—D AL A/A
0 T T T 0 T T T

0 6 10 12 0 2 4 6 8 10 12
Points Points

Point A2 A3 Ad A5 A6 A7 A8 A9 Al0 All Al2
Deformation 31 3.7 71 72 713 72 79 96 47 5.0 6.3
Average error

Compensation -28 -22 12 13 14 13 20 37 -12 -09 04
Point B2 B3 B4 B5 B6 B7 B8 B9 BIO Bl11 B12
Deformation 89 102 15 22 24 22 23 36 08 1.3 29
Average error
Compensation 53 6.6 21 14 12 14 13 0 -28 =23 =07

frequencies. Regarding the structure, lower frequencies
are observed. The purpose was to ensure the excitation
frequency of the external force corresponding to the spin-
dle speed is different from the natural frequency of the

structure itself, to reduce the generation of resonance. The
frequency and mode shape of each point in planes A, B,
and C were observed using a modal analysis. The first-
and second-order mode shapes of the milling structure
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Table 11 Error compensation

' ! Point Cl C2
between spindle and tool in

C4 G5 c6e C17 C8 co C10 C11 C12

plane C—force (um) Deformation 133 163

Average error  10.5
Compensation 2.8 5.8

198 7.5 8.6 11.6 49 8.3

11.8 4.3 7.2 12.4

-3 =19 11 -56 =22 13 -62 =33 19

First mode

2nd mode

3rd mode

Swing in the Z- directions

Fig. 12 Mode shapes of first three modes
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Fig. 13 First mode of each plane

swung in the Z- and X-directions, respectively, and the
third-order mode shape of the spindle box swung in the
X-direction (in reference to the global coordinate axis), as
shown in Fig. 12.

The data for the first three modes of planes A, B, and C
were merged, as shown in Figs. 13, 14, and 15. From the
modal analysis results, although the mode shapes of each order
were the same, the frequencies were different, indicating that
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Fig. 14 Second mode of each plane

the natural frequency of each position of the machine changed
as it moved. The point with the lowest frequency in the first-
and second-order modes was located at a distance of 240 mm
on the Y-axis, and the point with the highest frequency at a
distance of —240 mm on the Y-axis. The third-order mode is
a secondary-structural modal vibration. Therefore, there was
no tendency in the frequency comparison, and the difference
was not comprehensive.
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Fig. 15 Third mode of each plane

4.3 Static and dynamic characteristics of machine
tools in space

The monitoring and prediction of tool wear are crucial
aspects in the management of machine tool health. The
process by which tools undergo wear can be attributed to
alterations in cutting temperature and cutting force, result-
ing in modifications to material hardness and friction at
the cutting surface. Consequently, these changes contrib-
ute to the occurrence of tool wear. The extent of tool wear
is impacted by various elements, such as the composition
and configuration of the tool, the conditions in which it
is used, including the cooling technique employed, and
the specific cutting parameters, namely cutting speed, feed
rate, and the properties of the materials being processed.
Additionally, tool wear encompasses other forms, such
as abrasive wear, adhesion wear, diffusive wear, fatigue
wear, and chemical wear. Currently, there are two pri-
mary approaches for acquiring proficiency in the states
of machine tools, namely direct methods and indirect
methods [35]. The direct approach involves the utilization
of measurement equipment or machine vision systems to
quantify tool wear. In a study conducted by Lins et al.
[36], a machine vision system was implemented for the
purpose of wear measurement. This system facilitated the
monitoring of cutting tool wear by employing a decen-
tralized design. Digital image processing techniques were
employed by Bagga et al. [37] to enable real-time monitor-
ing of tool wear. Using threshold segmentation and edge
detection on the raw images, we were able to calculate the
wear values. The suggested technique for measuring wear
also demonstrated excellent detection accuracy. The grow-
ing popularity of machine vision technology has prompted

an increasing number of scholars to engage in research
endeavors in this field [38-40].

The turning-milling compound tool machine exhibits
dynamic behavior during the entire cutting process. Param-
eters, such as the cutting position and cutting force, feed
driving torque change with time, which has a significant
impact on the behavior of the machine. This can easily
cause positional deviation or vibration of the structure.
The static force causes static deformation of the mechani-
cal structure, causing positioning errors and affecting the
dimensional accuracy of the workpiece. The dynamic force
causes dynamic errors in the machining path and affects the
contour accuracy. If the processing frequency is the same as
the natural frequency of the structural parts, the vibration of
the processing is amplified, and in severe cases, the surface
roughness of the workpiece is poor.

From the results of the spatial precision static analysis, it
is known that the deformation of the three-plane structure is
reproducible in the state of self-weight, and the maximum
relative deformation is 11.3 um under the influence of grav-
ity; The deformation of the three-plane structure is reproduc-
ible when the maximum cutting force of 2000 N is applied,
and the maximum relative deformation is 19.8 um. The
maximum deformation positions are all located at points 3,
6,9, and 12, and the arithmetic mean is used to calculate the
average error of each plane to reduce machining errors and
improve machining accuracy. The dynamic characteristics
of different machining positions are discussed using spatial
precision modal analysis. For the same model and boundary
conditions, but different positions of the milling structure,
the frequency of the natural vibration of the structure and
the variation of the vibration mode under these variables
are determined. From the results of the modal analysis, it
can be seen that the frequency will be different owing to the
change in the structural shape, but the mode shape remains
the same. When the milling structure is closer to the head-
stock, the frequency increases so that the relative speed of
the spindle can be calculated by the frequency change value,
to reduce the probability of resonance and improve the sur-
face roughness of the workpiece.

5 Prediction diagnosis performance system

In this study, an accelerometer was used to measure the
vibration signals of the machine tool spindle under no-load
conditions. When collecting the vibration signals, both
healthy and unhealthy signals were collected, and these
signals were compared via a feature extraction using the
PCA method to determine the health status of the spindle.
Through these abnormal alarm signals, the user can imme-
diately determine the status of the machining equipment and
take corresponding actions and measures, such as preventive
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maintenance or immediate control of the machine. The pre-
diction diagnosis performance system for spindle vibration
monitoring in this study utilizes accelerometers to measure
the vibration signals of the machine tool spindle under both
healthy and unhealthy (abnormal) conditions during no-load
operations. The system aims to provide a reliable means of
assessing the health status of the spindle in real-time. The
process involves collecting vibration signals from the spindle
and conducting a feature extraction analysis using the prin-
cipal component analysis (PCA) method. PCA is a statisti-
cal technique that transforms the original set of correlated
variables (vibration features in this case) into a new set of
uncorrelated variables known as principal components. By
comparing the features extracted from healthy and unhealthy
signals, the system can effectively identify patterns or anom-
alies associated with spindle health. An abnormal alarm sig-
nal is generated when deviations from normal behavior are
detected. This enables users to promptly assess the status of
the machining equipment and take appropriate actions, such
as initiating preventive maintenance or implementing imme-
diate control measures to avoid potential machine failures or
damage. The predictive diagnosis system provides a valuable
tool for condition monitoring, allowing for timely interven-
tion and optimization of machine performance.

5.1 Principal component analysis and Gaussian
mixture model

The utilization of feature extraction software was employed
to extract the distinctive characteristics of every vibration
signal. The feature attributes can be categorized into many
domains, including time-domain attributes, edge frequency,
fast Fourier transform (FFT) frequency domain attributes,
envelope spectrum (HT) characteristics, power spectral

Fig. 16 Schematic illustration

Vibration Signal Inspection

The vibration signal is converted
using the quick Fourier transform
to obtain a frequency domain

representation.

——

Capture Signal
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density (PSD) characteristics, energy amplitude, and shape
statistics which are shown in Fig. 16.

PCA is a dimensionality reduction method that is used
to reduce the complexity of data. The original high-dimen-
sional data were reconstituted into low-dimensional data
using a linear combination. In this study, all the vibration
signals of the machine tool spindle were captured, feature
extraction and dimensionality reduction of the vibration sig-
nals were carried out by principal component analysis, and
a Gaussian mixture model clustering algorithm was used to
cluster the features to realize vibration signal classification.

PCA attempts to collect most of the information in a data-
set by identifying the principal components that increase the
variance of the observations as much as possible. A covari-
ance matrix is a symmetric matrix with the number of rows
and columns equal to the number of dimensions in the data.
The offset of the eigenvalue or variable is determined by
calculating the mean of the two sets of data. Then, computes
the eigenvectors, which are linearly independent vectors
that do not change direction when a matrix transformation
is applied. The eigenvalues are scalars that represent the
sizes of the eigenvectors. The eigenvectors of the covari-
ance matrix point in the direction of the maximum variance.
The larger the eigenvalue, the larger the eigenvector cor-
responding to the first principal component. In this experi-
ment, a turning-milling compound machine tool was used as
an example. The signal measurement equipment includes a
prediction diagnosis performance system, single-axis accel-
erometer, and soft hammer, as shown in Fig. 17.

5.2 Data planning and collection

The spindle used in this experiment was divided into two
parts: the spindle of the spindle box and the spindle of the
milling structure. The experimental speed of the spindle of

Signal Analysis

Conducted mstant monitoring of mean time
before degradation. The device detects
spindle vibration, current, and temperature
to provide an instantaneous machine
monitoring model tools' performance.

Feature
Extraction

Feature Extraction

The feature qualities include time
domain, edge frequency, FFT,
envelope spectrum, power spectral
density, energy amplitude, and
shape statistics.

Signal
Analysis
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Fig. 17 Experimental devices

Spindle box

Fig. 18 Installed accelerometer

the spindle box was divided into three speeds: 20 rpm, 40 rpm,
and 220 rpm. The healthy signal of the rotational speed was
obtained under the spindle idling condition, and the abnormal
X-direction vibration signal was obtained by hitting the spindle
with a soft hammer to simulate a turning machine collision
condition. The experimental speed of the spindle of the mill-
ing structure was divided into four rotation speeds: 6000 rpm,
7000 rpm, 8000 rpm, and 90,000 rpm. The accelerometer
measured the healthy and abnormal Z-direction vibration sig-
nals of the four speeds. The healthy and abnormal vibration
signals were obtained in a similar manner, as shown in Fig. 18.

5.3 PCA data analysis

This experiment measured the vibration signal of the spin-
dle of a milling structure and spindle box. The experimen-
tal speeds of the milling spindle were adjusted to 6000 rpm,
7000 rpm, 8000 rpm, and 9000 rpm. The direction of the
measurement was along the Z-axis. Healthy and unhealthy

vibration signals are shown in Fig. 19a and b, respectively.
The X-axis and Y-axis units of the graphs obtained using PCA
are expressed in dimensionless quantities. The change in dis-
tribution in the graph represents the difference in the dynamic
characteristics of the machine. To measure an unhealthy vibra-
tion signal, a soft hammer was used to strike the structure and
simulate a machine collision. The vibration signal converges
in a block under undisturbed normal operating conditions. In
contrast, when the spindle is abnormally operated under the
influence of an external force, it diverges, and the character-
istics at each speed are different. At any position, the machine
features the same rotation speed, and the respective readings
are gathered in the same block, as shown in Fig. 19c and d.

The coordinate values of the feature distribution map are
all dimensionless because the feature vector is dimensionless.
As the variables that make up a dataset often have different
units and methods, this could lead to confusion in the system.
Therefore, in data mining, eigenvalues are directly used to
describe the amount of information contained in the direction
of the corresponding eigenvectors. In other words, the eigen-
values of the matrix are computed to obtain the corresponding
eigenvectors. We can determine the correct coordinate axis
after the rotation. A vector image generally does not have the
basic unit of this term; usually, the graphic element of a vector
image is an object, and an object contains attributes such as
color, shape, outline, size, and screen position. In addition to
the two properties of color and outline, style, shape, size, and
screen position are determined by points and vectors.

6 Conclusions

To improve the surface accuracy during the machining of a
workpiece using a turning-milling compound machine, finite
element analysis software and experimental tests were used to
analyze the static and dynamic characteristics of the machine.
Static and modal analyses were performed to understand the
machine performance, and modal experimental tests were
used to compare the experimental and analytical results. In
addition, the flaws in the machine and natural frequency of
the structure were assessed, which is convenient for future
structural improvements and processing performance.

A static and dynamic analysis of the spatial accuracy
of the turning-milling compound machine was conducted.
From the analysis results, the machine structure moved
under a space-generated force. At points 3, 6, 9, and 12,
the arithmetic mean was used to calculate the compensa-
tion value of the spatial error and improve the positioning
accuracy of the machine in space. In addition, the modal
analysis results showed that the natural frequency of the
machine changed with the shape of the structure. Although
the modal shapes of each order were the same, different
frequencies were observed.
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Fig. 19 PCA data analysis results

Finally, the vibration signal of the main shaft was collected
using an intelligent prediction and diagnosis system, and the
PCA method was used to extract and compare the character-
istics of the vibration signal. Moreover, when the spindle was
affected by external forces and did not operate normally, it
diverged, and the signal features were scattered in different
areas, like points on a map, with features of the same speed
gathered together. The characteristic distribution map of these
signals enables the evaluation of the health of the spindle,
which can help users plan maintenance schedules.
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