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Abstract: With the increase of energy price and environment problem, the energy consumption of machine tool
is attracting more attention. The moving components of machine tools consume a large amount of energy in the
operating stage. Structure optimization of moving components is a key strategy for energy saving in machine
tools design. Traditionally, structural optimization of machine tools is carried out for reducing energy
consumption or improving static and dynamic performance. Given that these factors are important to the
structure optimization in machine tools design, this paper presents a structural design optimization method for
comprehensively considering energy consumption, static and dynamic performance of machine tool. Firstly, the
energy consumption model of the moving components is proposed, and the structural performance indicators of
the moving components are analyzed. Then, based on the experiment data obtained by uniform design method,
five structure parameters that have great influence on performance indicators are selected as decision variables
through sensitivity analysis. To improve the computation efficiency, approximation functional relationship
between the five decision variables and the four performance indicators are built through response surface
method (RSM). After that, an optimization objective is formulated by combining the four performance
indicators through principal component analysis (PCA). Finally, a new hybrid algorithm which integrates
Simulated Annealing (SA) and Particle Swarm Optimization (PSO) algorithm is developed to solve the structure
optimization problem. Through calculation and analysis, it is found that there is a linear relationship between the
moving part mass and energy consumption. The results show that the energy consumption of optimized structure
is reduced while ensuring the static and dynamic performance.
Key words: Energy-saving design, Moving components, Structural optimization, Static and dynamic
performance

1 Introduction
With the development of manufacturing industry, wide attention has been paid to energy and global
environment. According to relevant statistics, the manufacturing sector is responsible for about 33% of the
primary energy use and for 38% of the CO2 emissions globally (Li et al, 2019). Machine tools, as a major
part of the manufacturing sector, have the low energy efficiency. Previous studies have estimated that only
10-15% of this amount is consumed by machine tools for machining operations (Apostolos et al., 2013).
An example given by GUTOWSKI indicated that the energy efficiency of machine tools is only 14.8%
(Gutowski et al., 2009). In recent years, many researchers and organizations have put forward
corresponding policies and regulations in order to improve the energy efficiency of machine tools. For the
operating stage, Li et al. (2017) and Xiao et al. (2019) reduced energy consumption of machine tools with
process parameters optimization for energy efficient milling and turning. For the design stage, Next
Generation Production Systems is to produce green machine tools with high energy efficiency (Bueno,
2013). International Organization for Standardization (ISO) has issued a set of standards ISO 14955
machine tool environmental protection evaluation to guide machine tool designers to design high-efficient

and energy-saving machine tools (ISO 14955-1, 2017). Research investigates that the energy consumption
of machine tools considered in the design stage can effectively improve the energy efficiency of machine
tools in the operating stage and reduce the impact on the environment. The design optimization of machine
tools has attracted interests due to the increasing processing requirement and the rising energy crisis. The
existing research on machine tools design can be divided into two categories.
A first group of research focused on structure optimization of machine tools for improving the static
and dynamic performance of machine tools. Wang et al. (2017) presented a novel integrated framework for
design and optimization of a machine tool structure. By using response surface method (RSM) to optimize
the structural parameters in a four-axis horizontal machining center, the results showed that total weight of
the entire machine was minimized by 8.14% while sufficient static and dynamic stiffness was maintained
even increased by 5.59%. The study conducted by Liu (2015) had some resemblance to Wang et al.’s, the
orthogonal experimental design method and RSM were adapted to achieve lightweight design of structural
parts. The mass of machine tool was reduced by 8.19% while the reduction of maximum deformation and
maximum stress was near 8% as well as the increase of first natural frequency was 12.15%. Park et al.
(2011) used an integrated design strategy based on individual modeling and simulations of key parameters
(i.e. volumetric error and machine working space, as well as thermal, static and dynamic stiffness) for
ensuring good microscale machine performance and providing proper dimensions for miniaturized milling
machine. Law et al. (2013) developed an efficient dynamic model of a machine tool to evaluate and
improve dynamic performance at the design stage. Targeted productivity 25% was achieved with 15%
mass reduction. Li et al. (2014) introduced a novel approach for designing the stiffener layout inside large
machine tools by applying the self-optimal growth principle of plant ramifications in nature, which offered
unique possibilities of improving first natural frequency 18.55% and reducing maximum deformation 23.6%
for stiffened machine tools structure.
A second group of research investigated the structural optimization of machine tools for reducing
processing energy. For instance, He et al. (2015) found that the decisions made at the design stage of
machine tools has a profound impact on energy consumption and carbon footprint in the operating phase of
its life cycle. Kroll et al. (2011) discussed the general influence of lightweight design approaches on
energy efficiency in machine tools, and it showed that a load reduction of 30% is resulted from the lower
electrical power losses of a servo drive. A similar study was conducted by Zulaika et al. (2011) where an
integrated approach was provided for designing large milling machines, and dealt with the design of the
machine in order to achieve the targeted productivity while consuming 13% less energy due to 20% mass
reduction of structural components. Bustillo et al. (2015) outlined a comprehensive design methodology to
reduce energy consumption of machine tool. Tests showed that energy consumption was reduced by 35%
during no-load motions of the tool, while maintaining or even increasing productivity. He et al. (2016) also
stated that the lightweight design was a valid approach to achieve low-carbon footprint. The lightweight of
machine body was realized on the basis of structure and mode analysis with minimizing the mass of
machine body as the optimization objective. Results showed that the smaller the mass of machine body, the
less carbon footprint. In these studies, very little about the energy consumption model has been proposed to
optimize moving components of machine tools for energy saving. It is shown that the energy consumption
factor is not taken into account in the optimization model, thus the energy consumption of machine tools
can not be minimized.
At present, finite element method is widely used in structure optimization of machine tools for
reducing the weight of machine tools (Ding et al., 2010). When the structural parameters are changed, it is
necessary to rebuild the 3D model, exert boundary conditions and solve results. This repeated calculation

normally takes a long time, resulting in the decrease of efficiency. In the herein paper, finite element
method is only used to assess dynamic and static performance at the beginning. Then, the approximation
relationship between the structure parameters and the performance indicators are constructed through
fitting method, thereby directly computing performance indicators including energy consumption, first
natural frequency, maximum deformation and maximum stress based on functional relation. RSM can
model the response in terms of significant parameters, their interactions and square terms (Rajeswari and
Amirthagadeswaran, 2017). For instance, Liu (2015) built the response surface approximation model of
machine tool slide-seat’s optimization design. Iqbal et al. (2016) concluded that RSM can predict the effect
of parameters on response and was a better tool for optimization. To reduce the complexity and increase
the computation efficiency, the method for dimension reduction is employed to establish an optimization
objective combining the four indicators. Principal component analysis (PCA) is a dimensionality-reducing
multivariate statistical method, which can more easily capture the main contradiction of things and
simplify the problem (Huang et al, 2019), and is conducted in this paper with consideration of a clear
correlation between the four performance indicators.
A perusal of current literature concludes that the existing researches about structure optimization of
machine tools are more concentrated on structural performance such as static performance and dynamic
performance. While some efforts have been made to reduce weight of machine tools, resulting in the
reduction of energy consumption. The interactions between mass and energy consumption of machine
tools is complicated. However, there is very little work which explores such relationship in depth. In
addition to energy consumption, different structure parameters would also show major impacts on the
structural performance, which has great influence on processing performance of machine tool. Motivated
by these remarks, this paper attempts to fill the research gap and makes contribution in the following three
aspects. Firstly, the energy characteristics of moving components in machine tools is explictly modeled,
and a structural optimization design model of moving components is developed by taking energy
consumption, static and dynamic performance as objective. Secondly, four methods, including uniform
design method, sensitivity analysis, RSM and PCA, are integrated to comprehensively establish the
structure optimization model of moving component, which can better reveal the interaction mechanism of
structure parameters on energy consumption and structural performance. Thirdly, a hybrid algorithm that
combines PSO with SA is proposed to solve the optimization model, which can greatly improve the
convergence speed and guarantee the global search ability.
The rest of the paper is organized as follows. Section 2 presents a process of optimizing the structure
of moving components for energy saving, and the optimization indicators of moving components is
expounded. Section 3 establishes a comprehensive performance optimization model of machine tool
moving components. Section 4 develops a hybrid algorithm to solve the optimization model, and analyzes
the optimization results, followed by the conclusion in section 5.

2 Energy consumption function of moving component
The feed driving system of a CNC machine tool mainly consists of servo motor and mechanical
transmission, and the latter is composed of an axial joint, screw, nut, guide rail, slider and moving
components, a typical case is shown in Fig. 1.
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Fig.1 Feed driving system of CNC machine tool

The movement of feed drive system of machine tools includes two directions, one is horizontal
motion, and the other is vertical motion (Hendrawan et al., 2018). In the two motion types, the vertical
motion has the same motion direction as gravity, and the mass of moving components is more sensitive to
energy consumption (Yoon et al., 2018). Thus, this paper mainly formulates energy consumption model for
vertical driving system by analyzing the kinematics and dynamics characteristics. The kinematic diagram
of feed driving system is shown in Fig. 2.
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Fig. 2 The kinematic diagram of feed driving system

The power of the drive system is supplied by the servo motor. The dynamic equation of the motor shaft
is shown as Eq. (1) (Chen et al., 2004).
→

→
→
d ωm
Tm = J m
+ Bm ωm + Tl
dt
→

(1)

where Jm is the rotary inertia of the motor shaft. ωm is the angular velocity of the servo motor. Bm is the
damping coefficient of the servo motor. Tl is the output torque of the servo motor.
The axial joint transfers the torque of the servo motor to the ball screw and increases the torque with
transmission ratio. The dynamic equation of axial joint is shown as Eq. (2).
→

d ωm 1 →
Tl = J l
+ Tls
dt
iηl
→

(2)

where Jl is the moment of inertia of the coupling. i is the transmission ratio of the coupling. ηl is the axial
joint efficiency. Tls is the output torque of the coupling, which is used to drive the ball screw to rotate.
The leadscrew transforms the rotation of the coupling into the linear motion of the moving
components, and converts the output torque of the coupling into the power of the moving components. The
dynamic equation of the leadscrew is shown in Eq. (3).
→

d ωls 1 →
Tls = J ls
+ Tt
dt ηt
→

(3)

where Jls is the moment of inertia of the ball screw. ωls is the angular velocity of the ball screw. ηt is ball
screw efficiency. Tt the output torque of ball screw, as denoted in Eq. (4).
→

Tt =

L →
Ft
2π

(4)

where L is the ball screw pitch. Ft is load of moving component.
The load of moving components consists of inertia force, gravity, guideway friction force and cutting

force, as expressed in Eq. (5). When the moving component moves along the guideways, friction force is
generated between guideways and sliders, as modeled in Eq. (6).
→

→

Ft = ( M t + M a )

→
→
→
dv
+ ( M t + M a ) g + F friction + F cutting
dt

→

→

→

F friction = µv ⋅ v + µc FN

(5)
(6)

where Mt and Ma is the mass of moving components and additional components, respectively. v is velocity
of moving component. g is the gravity acceleration. Ffriction is the friction force on guideways. Fcutting is the
cutting force. µv is the viscous friction coefficient. µc is the coulomb friction coefficient. FN is the
equivalent force exerted on guideway by moving component.
→

→

→
dv
（M t + M a )( g +
)(l3 + l4 ) + F cutting (l3 + l5 )
→
dt
F N =4 ⋅
2 ⋅ l1

(7)

where l1 is the distance between the two sliders. l2 is the distance between the two guideways. l3 is the
distance from the center of gravity of accessory to the axis of ball screw. l4 is the distance from the center
of gravity of accessory to the centre line of moving component. l5 is the distance from the action point of
cutting force to the centre line of moving component.
Cutting force will be generated in gear hobbing, which is closely related to cutting parameters and can
be expressed in Eq. (8).
→

→

F cutting = 18.2m1.75 z 0.27 a 0.81
f z0.65 | vc |−0.26 K1 K 2 K3 / d
p

(8)

where m the normal modulus of hob. z is the number of teeth of the gear. ap is the cutting depth. fz is the
axial feed rate of hob. vc is the cutting speed of hob. d is the outer diameter of hob. K1, K2 and K3 are the
correction coefficients of workpiece.
The velocity of moving component is associated with the speed of ball screw, as expressed in Eq. (9).
→

ω
v = L ls
2π

→

(9)

The angular velocity of ball screw ωls is related to the angular velocity of servo motor, which can be
modelled as Eq. (10)
→

→

ωm = i ωls

(10)

where i is gear ratio of the coupling.
The dynamic equation of the motor shaft can be formulated by summing up Eqs. (1) - (10), as
elaborated in Eq. (11).
→

→

→
P 2 µc (l3 + l4 ) M a d ωm P 2 ( M a + M t ) d ωm
P 2 µv
Tm = ( J m + J l + 2 +
)
+
+
(
B
+
) ωm
m
2 2
2 2
2 2
2π i ηlηt l1
4π i ηlηt
4π i ηlηt
i ηl
dt
dt
→
→
P µc (l3 + l4 )
P[2(l3 + l5 ) + l1 ] →
P
+
(M a + M t ) g +
Ma g+
F cutting
2π iηlηt
2π il1ηlηt
π il1ηlηt
→

J ls

(11)

According to the relationship among output power, output torque and angular velocity of servo motor,
Pout =Tm ·ωm, the output power of the servo motor can be obtained, as denoted in Eq. (12).

→

→

→
→
J
d ωm P 2 ( M a + M t ) → d ωm
P2 µ
Pout = ( J m + J l + 2 ls ) | ωm | ⋅
+
| ωm | ⋅
+ ( Bm + 2 2 v )⋅ | ωm |2
2 2
i ηl
dt
dt
4π i ηlηt
4π i ηlηt
→
→
→
P µc
P(2l4 + l1 ) →
+
( M a + M t ) | g | ⋅ | ωm | +
| F cutting | ⋅ | ωm |
2π iηlηt
2π il1ηlηt

(12)

As a result, the energy consumption function of feed drive system is obtained, as shown in Eq. (13).

E (t ) =

∫

t

0

(13)

Pout dt

where t is the working time of feed drive system.

3 Multi-indicator optimization model
Energy consumption optimization of moving components is a non-deterministic polynomial problem
with nonlinear, multivariable, multi-indicator, constrained and coupled properties. In view of this, this
paper integrates four methods- uniform design method, sensitivity analysis, RSM and PCA to efficiently
analyze experimental data and propose a comprehensive optimization model. Firstly, the structure
parameters are preliminarily selected by analyzing the geometric model of moving components, and the
optimization indicators are preliminarily determined. Secondly, based on the uniform design method and
sensitivity analysis, the parameters which have great influence on the indicators are selected as decision
variables. Then, RSM models are built to approximate indicator functions, and a comprehensive
performance objective is established with combining the performance indicators through PCA. Finally, a
multi-indicator optimization model is easy to acquire. Fig. 3 illustrates the framework of the optimization
model.
Determining Modeling Objects

Step 4:Optimization model
min F ( X )

Step 1:Preliminary determination of
parameters and indicators
Preliminary selection of
structural parameters
Preliminary Selection of
Optimized Indicators
Step 2:Selection of decision variable
by Sensitivity Analysis
Determine the experimental
condition and parameters levels

X = ( x1 , x2 , x3 , L, xi , L, xn )
l u ( X ) ≤ 0 (u = 1, 2, 3, L, k ≤ n)

s.t .hc ( X ) = 0 (c = 1, 2, 3, L, o ≤ n)
x ≤ x ≤ x
i
i max
 i min

k, o and n are the number of the inequality
constraint functions l u ( X ) , the equality
constraint functions h c ( X ) , and design
variables, respectively.

Step 3:Comprehensive performance
optimization objective
Build the second order models
Variance analysis for models

Designing uniform test table and
simulating test points

Satisfied with model fitness

Sensitivity analysis

Principal component analysis

N

Y

Fig. 3 Framework of the optimization model

In order to better understand the modeling process, this paper takes the high-speed dry-cutting
hobbing machine as an example to illustrate the modeling process in detail. Fig. 4 shows the structure of
moving component in the hobbing machine, and Table 1 lists the specifications of the hobbing machine.
The moving components of high-speed dry-cutting hobbing machine tool have high speed, especially in
the direction of axial feed, and the mass of moving components is also very large. The optimization of
moving components with axial feed motion has great energy saving potential (Campatelli et al., 2015),
which is of important significance to the structure optimization of machine tools.

v

hobbing machine

Tool slide

Feed drive system

Fig. 4 high speed dry-cutting hobbing machine tool

Table 1 Specifications of the hobbing machine
Item

Value

Maximum machining diameter

210(mm)

Maximum machining modulus

4(mm)

Stroke of tool slide

300(mm)

Maximum radial velocity

8000(mm/min)

Maximum axial velocity

4000(mm/min)

Maximum tangential velocity

2000(mm/min)

Total weight of machine tools

12000(kg)

3.1 Preliminary determination of parameters and indicators
3.1.1 Structure parameter
The 3D model of the moving component is a multi-body structure with complex features. In order to
facilitate analysis, some small features that have little influence on the use condition are simplified, such as
chamfers, rounded corners, etc. In order to ensure the installation conditions of the moving component
unchanged, the external dimensions of the moving component are considered to be constant, and the
internal dimensions are designed for structure optimization of moving component. It is preliminarily
determined that the structure parameters are base plate thickness x1, x2, front slope width x4, box thickness
x3, x5, inner ring thickness x7, x8, x9, rib thickness x6, x10, as shown in Fig. 5.
x6
x1

x4
x5

x10
x2

x8
x9

x3

x7

Fig. 5 Primary structure parameters of moving component

3.1.2 Performance indicator
Moving components play an important part in machine tools. Their energy consumption, static and
dynamic characteristics directly affect the energy efficiency, processing ability and processing quality of
the whole machine tools. Therefore, the energy consumption is considered as an optimization indicator as
modeled in Eq. (13), as well as the key dynamic and static performance indicators should be taken into
account to optimize the moving components.

(1) Dynamic performance
Dynamic performance of machine tool is the properties and characteristics of the machine tool
structure under dynamic load, and dynamic performance indicators mainly include vibration modal and
damping. The natural frequencies in vibration modal of machine tool structure is expressed as Eq. (14)
- fi 2 [M ] + [ K ] = 0

(14)

where [M] is mass matrix, [K] is stiffness matrix, and fi is the ith natural frequency.
The damping matrix [C] is assumed to be proportional to the mass and stiffness matrices, which can
be obtained by Eq. (15).
[C ] = α R [ M ] + β R [ K ]
(15)
where αR and βR are coefficients for the mass and stiffness, respectively.
Even though the static performance of a machine tool meets the requirements of the design standard,
its dynamic performance will also affect the machine tool machining accuracy and workpiece surface
quality (Altintas et al., 2005). Moving components are the key parts of machine tools, their dynamic
performance determine the machining accuracy of machine tools. In the machining process, the change of
cutting force induces resonance of machine tools, which aggravates tool wear, reduces the surface quality
and affects machining accuracy of machined workpieces.
Modal analysis determines the mode shapes and natural frequencies, which can identify weak links of
machine tools. Natural frequency is an evaluation index of structural dynamic performance, in which the
first natural frequency is lower and is easy to resonate with the external excitation frequency, which
influences the machining accuracy and surface quality (Yu et al., 2010). In the context of dynamic motions
and rigidity, one of the most important parameters is the first natural frequency, which indicates the
dominant motion (Son et al., 2010). Since damping has little effect on natural frequency and mode shape,
the value of damping is set as zero. In this paper, the first natural frequency 316.66Hz is close to the
excitation frequency 150Hz, which is easy to cause resonance. Therefore, the first natural frequency of the
moving component is taken as a key indicator to improve the dynamic performance. Moreover, the
improvement of the first natural frequency can improve the processing performance of the machine tools.
H ( x) = max[ f1 ]

(16)

where f1 is the first natural frequency of the moving component.
(2) Static performance
The static performance refers to the characteristics of the machine tool structure under constant load,
and static performance indicators include deformation and stress. The node deformation of machine tool
structure is modeled in Eq. (17).

[ K ]{∆} = {F}
where [K] is stiffness matrix, {∆} is deformation vector, {F} is external load vector.
The stress of machine tool structure is related to the deformation, as expressed in Eq. (18).
{σ } = [ D][ B]{∆}

(17)

(18)

where {σ} is stress vector, [D] is elasticity matrix, [B] is strain matrix.
When moving components are subjected to static and invariable loads, the deformation and stress of
moving component have an impact on machining accuracy and working stability of machine tools (Liu,
2015). Under the same working load, the smaller deformation and stress of moving component are, the
better the static performance of machine tool is. Therefore, as the crucial static performance indicators, the
maximum deformation and maximum stress of the moving component should be minimized.

min[∆ max ]
F ( x) = 
min[σ max ]

(19)

where ∆max is the maximum deformation of moving component.
component.

max

is the maximum stress of moving

3.2 Decision variable
It can be seen from Section 3.1 that there are many structure parameters in the primary selection. But
it is very difficult to optimize many structure parameters at the same time. Moreover, some parameters
have little influence on the indicators, which not only makes the optimization model more complex and
redundant, but also makes the convergence speed of the algorithm slower and the ideal results cannot be
obtained quickly.
To determine the primary parameters, the experiment data of performance indicators is obtained by
uniform design method, based on which sensitivity analysis is conducted to calculate the sensitivity of all
structure parameters. The parameters that have greater impact on the indicators are selected decision
variables.
3.2.1 Uniform design method
Considering the complexity and non-linearity of structural optimization of moving components, the
10 structure parameters are selected as experimental variables. Based on the practical experience and
installation conditions, 10 structure parameters are preliminarily selected and the range of each structure
parameter is determined. The optimal level is 12 by trial-and-error, in which the data and results are much
better. The arithmetic progression is applied to determine the 12 levels of each parameter, as shown in
Table 2. Since there are 10 structure parameters and each structure parameter has12 levels, plenty of
experiments are carried out to acquire the results with the four indicators. In order to reduce the number of
experiments and obtain most of the information, uniform design method is chosen to conduct experiments.
The uniform design table U*12 (1210 ) is selected in this paper (Fang et al., 2000), as shown in Table 3,
where subscript 12 is the number of trials, superscript 10 is the maximum factor number and normal 12 is
the level number, respectively.
On the basis of the uniform test points in Table 3, the energy consumption is calculated by MATLAB,
the first natural frequency, maximum deformation and maximum stress are computed by ANSYS with
modal analysis and static analysis module. The first step is to establish 3D model of the moving component.
Then, the structure is discretized and divided into infinitesimal elements with the tetrahedral grid. Finally,
the fixed constraint is applied to the six bottoms of the bolts in the optimization pretreatment process, and
the loads consisting of gravity and load forces are exerted on the moving part surface. The results are show
in Table 4.
Table 2. Experimental variables and levels
Level x1 x2 x3 x4

x5 x6 x7

x8

x9 x10

1

50 24 114 316 26 88 88 246 138 20

2

52 25 116 318 28 90 90 250 140 22

3

54 26 118 320 30 92 92 254 142 24

4

56 27 120 322 32 94 94 258 144 26

5

58 28 122 324 34 96 96 262 146 28

6

60 29 124 326 36 98 98 266 148 30

7

62 30 126 328 38 100 100 270 150 32

8

64 31 128 330 40 102 102 274 152 34

9

66 32 130 332 42 104 104 278 154 36

10

68 33 132 334 44 106 106 282 156 38

11

70 34 134 336 46 108 108 286 158 40

12

72 35 136 338 48 110 110 290 160 42
Table 3. Uniform design table U*12 (1210 )

Trial

x1 x2 x3

x4 x5 x6

x7 x8 x9 x10

1

50 25 118 322 34 98 102 278 156 42

2

52 27 124 330 44 110 92 262 150 40

3

54 29 130 338 28 96 108 246 144 38

4

56 31 136 320 38 108 98 282 138 36

5

58 33 116 328 48 94

6

60 35 122 336 32 106 104 250 152 32

7

62 24 128 318 42 92

8

64 26 134 326 26 104 110 270 140 28

9

66 28 114 334 36 90 100 254 160 26

10

68 30 120 316 46 102 90 290 154 24

11

70 32 126 324 30 88 106 274 148 22

12

72 34 132 332 40 100 96 258 142 20

88 266 158 34

94 286 146 30

Table 4. Uniform test results
Trial

E\J

f1 \Hz

∆\mm

σmax\MPa

1

2063.7

295.54

7.486E-03

13.717

2

2088.81

295.1

7.171E-03

14.416

3

2088.71

298.17

6.926E-03

13.16

4

2095.07

301.67

6.73 E-03

9.4592

5

2132.40

302.56

6.581E-03

10.459

6

2135.42

305.37

6.384E-03

10.429

7

2113.68

298.46

7.012E-03

9.4267

8

2117.76

300.73

6.801E-03

9.8794

9

2154.71

303.11

6.57 E-03

11.815

10

2159.16

306.57

6.412E-03

8.9456

11

2150.63

309.19

6.255E-03

9.1699

12

2185.21

308.26

6.103E-03

8.1168

3.2.2 Sensitivity analysis
There are ten structure parameters of the moving component considered in the structural optimization,
while the degree of influence of each parameter on the performance indicators is different. Based on the six
sigma judging principle, these structure parameters which have great influence on the performance
indicators are determined by using the global variable method so as to complete the sensitivity analysis
(He et al., 2016).
Through sensitivity analysis, the influence of each structure parameter on the energy consumption,
first natural frequency, maximum deformation and maximum stress can be obtained. Regardless of the
interaction effects among the parameters, the sensitivity of a parameter shows its effect on value of the
indicators. This method could significantly reduce the complexity of simulation and calculation.

Let f (x) be the indicator function of the moving component. The parameter sensitivity S is defined to
be the relative variation of f (x) with respect to (x1, x2, …, x9, x10) the variation of a structure parameter,
which is typically written in a normalized form, as expressed in Eq. (20) (Wang et al., 2017).
S=

∂f ( xi )
df ( x)
or S =
i = 1, 2, 3, L, n
dx
∂xi

(20)

Sensitivity(%)

Sensitivity(%)

Based on the experimental points obtained by uniform design method, the indicator data of design
points are obtained by Simulink and Workbench, as shown in Table 4. Then, the sensitivity of each
influence factor to the indicator is calculated by MATLAB. As shown in Fig. 6, structure parameters x1, x2,
x3, x5 have the greatest impact on the energy consumption, structure parameters x1, x2, x5 have the greatest
impact on the first order resonance frequency, structure parameters x1, x2 have the greatest impact on the
maximum deformation, and structure parameters x1, x2, x3, x9 have the greatest impact on the maximum
stress. Based on the above analysis, the structure parameters x1, x2, x3, x5, x9 have significant effect on the
four indicators, so they are chosen as decision variables for structural optimization of moving component.
100
80
60
40
20
0
-20
-40
5
0
-5
-10
-15
-20
-25
-30
-35
-40
-45

a

x2
x4 x5 x6 x7 x8 x9 x10
x3

x1

x6 x7 x8 x9 x10
x3 x4
x5

x1 x2
c

30
25
20
15
10
5
0
-5
-10
10
0
-10
-20
-30
-40
-50

b

x1 x2

x3 x4

x5

x6

x8

x10

x9

x7 x8

x4

x10

x5 x6

x2
x1

x7

x9

x3
d

a. Energy consumption b. First order resonance frequency c. Maximum deformation d. Maximum stress
Fig. 6. Sensitivity of variables to indicators

3.3 Comprehensive performance objective
Given the complex performance characteristics of moving components and multi-indicator of the
optimization procedure, this paper seeks a suitable approximation method to build the relationship between
the indicators and the decision variables. In order to converge quickly in the optimization process and
obtain ideal results, a reasonable method is found to reduce the dimension of the performance indicators.
3.3.1 Response surface method
Response surface method (RSM) proposed by Box and Wilson (1951) in the early 1950s, has received
considerable attention due to its good empirical performance in modeling. The RSM is a well-known
approach for constructing approximation models based on physical experiments and experimented
observations (Li et al., 2016). It is a set of mathematical and statistical techniques that provide well-fitting
models between input parameters and responses without taking complex interactions of variables into
consideration (El-Taweel and Gouda, 2011).
Since the energy consumption of machine tools is a non-liner process, a second-order polynomial
response surface mathematical equation is utilized as shown in Eq. (21), coefficients of the function can be
obtained by least squares method.
y = β 0 + ∑ β i xi + ∑∑ β ij xi x j + ∑ β ii xi2 + ε
i

i< j

(21)

i

where y denotes performance indicators, x represents the structure parameters (x1, x2, x3, x5 and x9). β0, βij
and βii are the coefficients of each term, ε is a residual error.
Table 5. Fitting coefficient of indicators
Term

y1(E)

y2(f1)

y3(∆max)

y4(σmax)

β

1333

1449

1.97E-02

577

x1

8.47

-29.42

5.10E-05

-3.13

x2

-0.49

-24.09

1.99E-04

-0.75

x3

7.86

-5.67

-1.38E-04

-3.5

x5

-1.787

13.43

- 7.20E-5

8.1

x9

-0.638

3.666

- 8.0E-05

-4.89

x1

2

-0.0144

-0.06786

0.2E-05

0.0308

x2

2

8.60E-03

-0.2789

0.4E-05

0.0625

x3

2

-0.0307

-0.0718

0.2E-05

0.019

x52

-0.01327

0.03586

0

-0.003

x92

-2.97E-03

-0.01412

0

0.0121

x1x2

0.0198

-0.1393

0.2E-05

0.0073

x1x3

-0.02569

0.313

- 0.3E-05

-0.0025

x1x5

6.05E-03

-0.0812

0.1E-5

-0.0026

x1x9

6.83E-03

0.01725

0

-0.004

x2x3

-1.80E-03

0.3737

- 0.5E-05

-0.051

x2x5

3.43E-03

0.00706

0

7.33E-03

x2x9

6.54E-03

-0.00354

0

0.02272

x3x5

0.01832

-0.1097

0.1E-05

-0.0471

x3x9

4.56E-03

-0.01008

0

0.01041

x5x9

5.53E-03

0.02435

0

-0.0117

The fitting coefficient of each indicator model is shown in Table 5, and the variance analysis of each
indicators model is shown in Table 6. R-Sq is defined as the ratio of the explained variation to the total
variation, indicates the accuracy of the model. In the Table 5, it is clear to see that all values are greater
than 95%, which indicate that the RSM models could be successfully applied as prediction models.
Table 6. Variance analysis of indicators
Project

E

f1

∆max

σmax

R-Sq

100%

99.96%

100%

95.73%

R-Sq(adj)

100%

99.76%

99.99%

96.48%

3.3.2 Principal component analysis
Principal Component Analysis (PCA) is a commonly used dimensionality reduction method in
multivariate statistics. Its basic idea is to use several principal components to replace the original multiple
related indicators, and the new objective is expressed as a linear combination of the original related
indicators. Considering that correlation among performance indicators, the PCA is conducted to transform
four indicators into a comprehensive indicator.
The selected new indicator is called principal component, and the principle of selection is to retain the
information contained in the original indicators as much as possible (Hervé et al., 2010). Let the indicator
data Y = (yij)12×4 consist of 12 scheme and 4 indicators, yij is the value of the jth indicator in ith scheme.
Then the indicators data are standardized by Eq. (22).
z ij =

yij − y j
sj

Z=(zij)12×4

(22)
(23)

where y j and s j is the averages and the mean square error of the jth indicator value, respectively.
Then the correlation coefficient matrix R=(rij)4×4 of standardized data is established by Eq. (24). If the
matrix R=(rij)4×4 has q eigenvalues (λ1≥λ2≥⋯≥λq≥0) and corresponding normal orthogonal eigenvector is
A=(a1, a2,..., aq), the q principal components can be obtained, as shown in Eq. (25).
R=

1
ZTZ
n −1

 g1   a11 a12
 g  a a
 2  =  21 22
M M
M
  
 g q  a41 a42

a13
a23
a43

(24)

a14   zi1 
a24   zi 2 
 
M   zi 3 
 
a4 q   zi 4 

(25)

The contribution rate of principal component gi to original indicators is shown as Eq. (26).
wi =

λi

(26)

n

∑λ j
j =1

The contribution rate wi reflects that the percentage of the ith principal component involves the
original indicators information. Therefore, the contribution rate of the first principal component is the
largest, and other principal components decrease progressively. In order to reduce the dimension of the
optimization indicators, if the cumulative contribution rate of the first m principal components reach
70%~90%, it is used to substitute the original four indicators. A comprehensive evaluation function
consisting of m principal components is shown in the Eq. (27).
F = w1 g1 + w2 g 2 + L + wm g m
(27)
As a result, summing up Eqs. (22) - (27) obtains the matrix R=(rij)4×4, as expressed in Eq. (28). The
eigenvalue and contribution rate is shown in Table 7.
 g1  0.230 - 0.953 0.033 0.192   Z 1 
  
 
 g 2  = 0.585 - 0.020 - 0.312 - 0.748  Z 2 
 g 3  0.539 0.173 0.821 0.075
 Z 3 
  
 
 g 4  - 0.560 - 0.246 0.477 - 0.631  Z 4 

(28)

Table 7. Principal component eigenvalue and contribution rate
Project

m1

m2

m3

m4

Eigenvalue

2.8292

0.9682

0.1923

0.0102

Proportion

0.707

0.242

0.048

0.003

Cumulative

0.707

0.949

0.997

1

Based on the analysis above, the comprehensive performance objective is modeled in Eq. (29).
F = 0.707 g1 + 0.242 g 2

(29)

3.4 Optimization model
On the basis of the above analysis, an optimization model is then formulated, which finds the optimal
structure parameters to minimize the energy consumption and improve the static and dynamic performance
of machine tool.

min F ( X ) = min(0.707g1 + 0.242g 2 )
X = ( x1 , x2 , x3 , x5 , x9 )
 xi min ≤ xi ≤ xi max

s.t.∆ max - [∆] ≤ 0
σ − [σ ] ≤ 0
 max

(a )

(30)

(b)
(c )

In practical optimization process, a wide variety of constraints are set to satisfy specific design
requirements. Constraint (a) controls the structure parameters to be within its acceptable ranges, where
ximin/ximax are the minimum/maximum structure parameter value. Constraint (b) and constraint (c) ensure
that the maximum deformation and stress do not exceed the allowable deformation and stress of moving
component, respectively.

4 Optimization solution via a hybrid algorithm
A hybrid algorithm integrating Simulated Annealing (SA) with Particle Swarm Optimization (PSO)
has attracted widespread traction since it is presented. A hybridization of algorithms can be considered as a
way to develop a more effective and efficient searching strategy to overcome the weaknesses of a pure
single algorithm (Jamili et al., 2011). For instance, Shieh et al. (2011), Geng et al. (2015) and Yu et al.
(2014) proposed the hybrid algorithm for parameters selection. The hybrid algorithm takes both of the
advantages of good solution quality in SA and fast searching ability in PSO, which meets the requirements
of multiple parameters selection in structural design optimization.
4.1 A hybrid algorithm Particle Swarm Simulated Annealing
In this paper, a hybrid algorithm combined SA with PSO is developed to solve the optimization model.
The inertia weight of adjacent solutions is controlled by annealing temperature, and the inferior solutions
of local and global optima are accepted with a certain probability. The acceptance probability mode of SA
and Metropolis criterion are not changed. The key steps of the algorithm are described as follows:
(1) Initialization parameter. The maximum temperature is Tmax, the end-off temperature is T0, the
cooling rate is α, the learning factor c1, c2. The population S of 30 particles is generated randomly. The
position vector of each particle is the structure parameter of moving components [x1, x2, x3, x5, x9], and the
range of each parameter is defined.
(2) The fitness value of each particle is calculated and regarded as the current historical optimal pbest.
The optimal particle among all particles is selected as the current global optimal gbest.
(3) Each particle is updated by Eq. (31) (Perez et al., 2012).
k
k
Vi k +1 = ω × Vi k + c1r1 (X ipest
− X ik ) + c2 r2 (X igbest
− X ik )
 k +1
 X i = X ik + Vi k +1

(31)

where r1 and r2 are the random number between [0 1] and Vki particle renewal speed.
In order to make particles jump out of local minimum quickly at high temperature and converge
quickly at low temperature, the inertia weight of temperature control is used, as shown in Eq. (32).
ω = ω max − (ω max − ω min )

ln(Tcurrent / Tmax )
ln(T0 / Tmax )

(32)

where Tcurrent is the current annealing temperature.
(4) The fitness value of each particle is recalculated, and then Metropolis criterion is introduced to
compare the fitness value of the new particle with the historical optimal pbest of the corresponding particle.
If f (xi)<pbest, the updated particle will be accepted; if f (xi)>pbest, the updated particle will be accepted with

a certain probability. Similarly, the global optimal particle gbest is updated according to the Metropolis
criterion.
(5) Reduce temperature.
(6) Judging the stopping condition, if the condition is not satisfied, return to (3), otherwise, finish the
iteration and output gbest. The specific algorithm flow is shown in Fig. 7.
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Fig. 7 Flow chart of particle swarm simulated annealing algorithm

4.2 Optimization results
In this paper, the high speed dry-cutting hobbing machine is taken as example, and the 3D model is
shown in Fig. 5. The hobbing machine adopts high-speed dry cutting technology and the hob moves with
high speed, thus the moving speed of the tool holder is high. Fig. 8 shows the detailed material removal
process from hob cut in and out of the workpiece.
Hob
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BCT
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L2
D

C
Work-table
Z
Y
X

0

Fig. 8 Cutting process of moving component

In the process of hobbing, the hob moves slowly from A position along X axis to B position, B
position along Z axis at fixed feed speed through path Ue (approaching safety allowance), Ua (exit safety
allowance) and BoT (over-cut protection stroke). Then, the hob is quickly retreated to the original A
position of the machine through position C and D. With the geometric analysis above, the movement of
tool slide is analyzed in detail to establish the relationship between the mass of moving component and
energy consumption. As stated in Section 3, it is of great significance to optimize the structure of the

hobbing machine for energy saving.
4.2.1 Energy saving analysis
Based on the actual cutting process of the high-speed dry-cutting hobbing machine tool in Fig. 8, the
moving component energy model proposed in the paper is used to verify the relationship between the mass
and energy consumption of the tool slide. The original mass of the tool slide is measured to be 458.62kg,
the material is QT700-2 and the density is 7200kg/m3. The additional mass on the tool slide is 500kg.
The structure parameters have influence on the mass of moving component, resulting in the change of
energy consumption. Through simulation calculation, the relationship between the mass and the energy
consumption of the tool slide is shown in Fig. 9. It can be seen that energy consumption of tool slide
increases linearly with the increment of mass, which means that the smaller the mass of the tool slide, the
smaller the energy consumption of machine tool. Thus, the structure parameters of moving part are
optimized to reduce its mass for energy saving.

Fig. 9 Relationship between mass and energy consumption of tool slide

The structural optimization of the moving component aiming at energy saving should ensure the
machining accuracy of the machine tool. Therefore, the energy saving effect of the moving component is
greatly affected by the machining accuracy. The deformation error of the end face of the tool slide is shown
in the Eq. (32), and the error is evenly distributed to the guideways, tool slide and support part. Thus the
maximum deformation allowed by the tool slide is obtained.
[∆] = 8 + 0.5 La

(32)

where [∆] is the permissible maximum deformation, La is the movement stroke of the tool slide,
La=500mm.
4.2.2 Optimization Results
The model is solved by programming with MATLAB software. Fig. 10 shows the convergence effect
of the hybrid algorithm used in this paper compared with SA and PSO. It can be seen from Fig.10 that the
convergence rate of the hybrid algorithm is faster than other two algorithms, which validate the better
performance of the proposed hybrid algorithm.

Fig. 10 Comparison diagram of algorithm convergence

In order to verify the maximum energy-saving effect of the tool slide of the high-speed dry-cut
hobbing, the tool slide mass is taken as single objective, and the static and dynamic performance are taken
as the constraints, which minimizes the mass of tool slide on the basis of guaranteeing machining accuracy
of machine tool. Table 8 depicts the outcomes obtained through optimization algorithm. It can be seen
from Table 8 that the maximum lightweight result shows that the energy consumption is reduced by 3.22%
with mass reduction of 8.14% in moving part, the first natural frequency is increased from 298.23Hz to
306.9Hz, which is increased by 2.91%, and both maximum deformation and maximum stress are increased.
The first natural frequency, maximum deformation and maximum stress nephogram based on the
maximum lightweight result is shown in Fig. 11.
From the optimization results in Table 8, it can be seen that the energy consumption is reduced 3.06%
with the mass reduction of 7.34% in moving component. The first natural frequency of the moving
component increases from 298.23Hz to 306.3Hz, which is increased by 2.87%, and the maximum
deformation and maximum stress have a little increase. However, the maximum deformation 0.007038mm
still satisfies the design requirements of the tool slide, and maximum stress 12.589MPa is within the
allowable range of materials. Thus, the optimized moving component structure still meets the design
requirements of machine tool structure, and the increase of static performance will not affect the machining
accuracy of machine tool. The first natural frequency, maximum deformation and maximum stress
nephogram after and before optimization are shown in the Fig.12 and Fig.13, respectively. It can be seen
that the optimized structure increases the maximum deformation and maximum stress compared to the
original structure. Since the thickness of base plate, the box body and the rib plate are decreased, the
stiffness in several locations of moving component is reduced. When the moving part is subjected to the
same load, the deformation will be increased. On the other hand, since the structure of moving component
becomes thinner, it is easy to generate stress concentration, resulting in the increase of stress.
Table 8. Optimization Results
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x1

x2

x3

x5

x9

E /103J

f1 /Hz

∆max /mm

σmax/MPa

Before optimization

65

30

128

40

160

1.862

298.23

0.006614

8.824

After optimization

56.5

34

140

20

132

1.805

306.82

0.007038

12.589

Maximum lightweight

53.5

34.5

135

29

140.5

1.802

306.9

0.007184

12.96

Fig.11 First natural frequency, maximum deformation and maximum stress nephogram of maximum lightweight structure

Fig. 12 First natural frequency, maximum deformation and maximum stress nephogram after optimization

Fig. 13 First natural frequency, maximum deformation and maximum stress nephogram before optimization

Fig.14 represents the comparison curve of the energy consumption of the tool slide among the original
structure, maximum lightweight structure and optimized structure. As can be seen from the figure, the
optimized results can effectively reduce the energy consumption of moving components. Compared with
the original structure, the energy consumption of optimized structure is reduced by 3.06%, and the energy
consumption of maximum lightweight structure is reduced by 3.22%.

Fig. 14 Energy consumption of original structure, maximum lightweight structure and optimized structure

From the data in Fig.12, Fig.13 and Fig. 14, it can be seen that the optimized structure can achieve the
same energy-saving effect as the maximum lightweight structure. The proposed method does not change
the first natural frequency, reduces the maximum deformation by 1.76%, decreases the maximum stress by
2.86% compared to the maximum lightweight design. By establishing a direct energy consumption model,
the energy consumption of moving component can be reduced more intuitively. We can conclude that the
proposed structural optimization method can minimize the energy consumption of moving component on
the basis of guaranteeing static and dynamic performance.
4.2.3 Influence of structure parameters on performance indicators
The change of the energy consumption, first natural frequency, maximum deformation and maximum
stress with respect to different structure parameters are plotted, as shown in Fig. 15 to Fig. 19.
Fig. 15 shows the influence of the structure parameter x1 on the four indicators. With the raise of x1,
the mass and stiffness of the tool slide will be increased, resulting in the increase of the energy
consumption and decrease of the first natural frequency. With the raise of the mass, the load force is
increased. At first, with the increment of x1, the increase of stiffness is larger than that of load force,
resulting in the decrease of the deformation. Then, the increase of stiffness is smaller than that of load
force, leading to the increase of the deformation. The stress is related to elasticity matrix, strain matrix and
deformation, in which strain matrix is constant and elasticity matrix is associated with deformation, which
causes that the stress does not always increase or decrease, but has an inflection point on the tendency
curve, before which the stress decreases and after which it increases. Fig. 16 states the impact of structure
parameter x2 on the four indicators. As shown in Fig. 16, the change trend of each indicator is same as that
in Fig. 15.
Fig. 17 illustrates the effect of the structure parameter x3 on the four indicators. With the raise of x3,
the mass and stiffness of the tool slide are increased, which leads to the increase of the energy consumption.

Energy consumption(J)

∆

σ

Maximum stress(MPa)

First natural frequency(Hz)

E

Maximum deformation(mm)

The first natural frequency is related to the stiffness and mass. Firstly, with the increase of x3, the
increment of stiffness is larger than that of mass, causing the increase of the first natural frequency. Then,
the increment of stiffness is smaller than that of mass, which leads to the reduction of the first natural
frequency. The change trends of deformation and stress are similar with that in Fig. 15.
Fig. 18 represents the influence of the structure parameter x5 on the four indicators. It can be seen that
four indicators always increases with increment of x5. With the raise of x5, the mass and stiffness of the tool
slide are increased, resulting in the increase of the energy consumption. The increment of stiffness is larger
than that of mass, which leads to the increase of the first natural frequency. The deformation is associated
with the stiffness and load force. The increment of load force is larger than that of stiffness, and the
deformation always increases, resulting in the increase of stress.
Fig. 19 gives the effect of the structure parameter x9 on the four indicators. As shown in Fig. 19, with
the raise of x9, the mass and stiffness of the tool slide is decreased, resulting in the reduction of load force
and energy consumption. The decrease of stiffness is smaller than that of mass, which causes the decrease
of the first natural frequency. With the increase of x9, the reduction of load force is larger than that of
stiffness, resulting in the decrease of the deformation. The stress is associated with deformation, but the
relationship is complex. The trend of stress in the Fig. 19 is similar with that in the Fig. 15.
As the increment of five structure parameters, the four indicators show different change. Generally,
with the decrement of structure parameters, the mass and stiffness of the tool slide are reduced, which
results in the reduction of the energy consumption and first natural frequency. The deformation and stress
are related to the mass and stiffness of the tool slide, which are changing all the time. There are different
inflection points on the tendency curves of the maximum deformation and stress, before which the
deformation and stress decrease and after which they increase.
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Fig. 15 Influence of structure parameter x1 on performance indicators
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Fig. 16 Influence of structure parameter x2 on performance indicators
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Fig. 17 Influence of structure parameter x3 on performance indicators
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Fig. 19 Influence of structure parameter x9 on performance indicators

5 Conclusions
Given that a large number of machine tools consume a lot of energy, but the energy efficiency is quite
low. It is urgent to optimize the machine tools to reduce energy consumption. The design of machine tools
has a great impact on the energy consumption in the machining process. The energy consumption factors
of machine tools are considered in the design stage, which can effectively reduce the energy consumption
of machine tools. In the paper, a structural design optimization method of moving component in CNC
machine tool for energy saving is presented, the conclusions from optimization results and simulation
analysis are drawn as follows:
The energy consumption function of the feed drive system with regard to mass of moving component
is formulated based on the dynamic analysis. Then, a structural optimization model of moving part is

presented by taking energy consumption, static and dynamic performance into account, which integrates
uniform design method, sensitivity analysis, RSM and PCA. Finally, a hybrid algorithm combining PSO
with SA algorithm is proposed to solve the model.
Based on the energy consumption model of moving components proposed in this paper, the
relationship between the mass and energy consumption of the tool slide of high-speed dry-cutting hobbing
machine tool under actual working conditions is obtained. On this basis, in order to verify the
energy-saving potential of the tool slide, this paper takes the static and dynamic performance of the tool
slide as the constraints for lightening the tool slide weight. The energy consumption is reduced by 3.22%
with maximum lightweight structure. Moreover, the structure optimization model is solved by the proposed
hybrid algorithm, the results show that the proposed hybrid algorithm can effectively improve the
convergence speed. By analyzing and simulating the optimization results, we can conclude that the
proposed moving component optimization method can achieve the same energy saving effect as the
maximum lightweight structure and improve the static and dynamic performance of the moving
component.
Based on this study, the research can be extended in several directions. For instance, the moving
components and supporting components of machine tools have great influence on the processing
performance of machine tools. In order to improve the rationality of the overall structure and ensure the
processing capacity of the machine tool, it is necessary and challenging to further establish the
optimization model of the moving components and supporting components of the machine tool. Then the
moving components are combined with supporting components to optimize the structure of machine tool.
More factory data is also needed to validate the proposed methodology in the future.
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