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Abstract: Robots are main elements in Industry 4.0. Research on the design optimization of robots
has a great significance in manufacturing industries. There inevitably exist various uncertainties
in robot design that have an important influence on the reliability of robots. At present, the design
optimization of robots considering the uncertainties is mainly focused on joints design and trajectory
optimization. However, for the structural design of robots, deterministic design optimization still
plays a leading role. In this paper, a simulation-based reliability design optimization method is
proposed to improve the reliability of robots’ structural design. In the proposed method, the Latin
hypercube sampling (LHS), computer simulation, response surface method (RSM) and SORA (Se-
quential Optimization and Reliability Assessment) algorithm are integrated to complete the structural
design of the robot. Firstly, samples of the uncertainty design variables were obtained by LHS, and
then, the reliability performance constraint functions were firstly constructed through the RSM in
which the joint simulation of MTLAB and ANSYS was adopted. Afterwards, the reliability design
optimization model was established on the basis of the probabilistic reliability theory. At last, the
SORA algorithm was employed to realize the optimization. The design optimization problems of the
big arm and the small arm of a 6 Kg industrial robot were considered to verify the proposed method.
The results showed that the weights of the big arm and the small arm were, respectively, reduced by
7.73% and 25.70% compared with those of the original design, and the design was more effective in
ensuring the reliability requirements compared with the deterministic optimization. Moreover, the
results also demonstrated that the proposed method has a better computational efficiency compared
with the reliability design optimization of the double-loop method.

Keywords: industrial robot; reliability design optimization; big arm; small arm; computer simulation

1. Introduction

Since flexible manufacturing systems rapidly developed in recent years, industrial
robots play a more and more important role in various manufacturing scenarios [1]. The
modern application of industrial robots includes welding, assembly, painting, machin-
ing and so on. The continually expanding application of industrial robots brings new
challenges, which include higher performance demands, such as faster responses, less
energy consumption and greater robustness. The robot body design has a direct effect on
its performance, and an excellent robot body design is generally regarded as a significant
foundation for good performance [2]. Therefore, the development of efficient industrial
robot design methods has increasingly attracted wide attention. Either design optimiza-
tion technology or simulation-based design technology can effectively support the design
and development of industrial robots. In addition, the simulation technology and robot
design optimization technology, as the main components of Industry 4.0 [3-5], have a very
important significance in the development of manufacturing industries.

The design optimization technology as an important measure has been broadly em-
ployed to improve the design and reduce the costs in many product designs, such as car
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design, airplane design, ship design, etc. Due to its outstanding advantages, more and
more design optimization methods have been developed for robot body design. Hsiao
et al. [6] proposed a surrogate-based evolutionary optimization method, in which the
response surface method is integrated with a multi-objective evolutionary algorithm. Their
proposed method can not only improve the robot arm performance, but also alleviate the
computational burden. Kouritem et al. [7] proposed a multi-objective design mechanism
for industrial robots. In this design mechanism, the initial and running costs, the stress
analysis and the vibration analysis are considered, and therefore the optimum type of
material and physical dimensions can be selected for industrial robot arms. Liang et al. [8]
proposed a structural optimization method for robot arms, which specially considers the
influences of flexible joints on robot dynamics. Bugday and Karali [9] analyzed different
robot arms designs, in which both geometry and materials are changed, and their findings
showed that the cost, efficiency and motor lifetime were all improved by adopting the
optimization technology.

In addition to the optimization design, the simulation design is an advanced technol-
ogy that is often used in modern product design. The simulation-based design is practically
used to predict the behavior and results of products [10]. Benefited from the development
of computer technology, computer simulation design has been widely used in modern me-
chanical product design, greatly improving design efficiency and product quality. Similar to
most mechanical product designs, industrial robot design also extensively adopts computer
simulation methods. Ramasubramanian et al. [11] used a commercial CAD platform to
perform the initial design of a robot gripper finger. Brathikan et al. [12] employed the
dynamics simulation software ADAMS to analyze the kinematics of a five-axis industrial
robotic arm. Sahu et al. [13,14] optimized the performance of a six-axis industrial robot on
the basis of stress, modal, and vibration analyses by using FEM of the ANSYS workbench.
Ghosh et al. [15] modified the design of the robotic arm based on the analysis of von
Mises stress and strain by using ANSYS simulation. Shanmugasundar et al. [16] proposed
an optimization framework to carry out a structural optimization design of a five-DOF
welding robot considering the strength, stiffness, and robot weight by using ANSYS.

The above-mentioned research on the structural optimization and simulation design
of robots was completed with a deterministic analysis. However, there inevitably exist
various uncertainties in actual engineering [17], for example, the variation of the coefficient
related to a material’s properties derived from the discreteness of engineering material
properties [18], the variation of the dimensions related to manufacturing errors [19], etc.
The deterministic design ignores the influence of uncertainties, which generally yields
unreliable design results, especially in the optimization design. In the design of an in-
dustrial robot, uncertainties are also an important factor to be considered. Xu et al. [20]
proposed a dynamic and static structural topology optimization method with uncertain
parameters for the lift arm of a parking robot. Wang et al. [21] performed a trajectory
optimization under non-probabilistic time-dependent reliability constraints to improve
the soaring operating performance of robotic manipulators. Gao et al. [22] realized the
design optimization of clearance joints based on reliability sensitivity analysis. Lara-Molina
et al. [23] constructed the dynamic modeling of a one-link flexible manipulator using the
stochastic finite element method in terms of the displacement of the manipulator’s tip
and the frequency response function subjected to uncertainties. Lara-Molina et al. [24]
also proposed a novel robust optimal design for parallel manipulators to optimize the
performance indices subject to the unavoidable effect of the uncertainties. Currently, the
design optimization of a robot considering the uncertainties is mainly focused on the joints
design and the trajectory optimization. As for the structural design of a robot, it is mainly
performed by the deterministic design optimization.

Through the above analysis, the reliability design optimization for a robot is very
important for improving the reliability of an industrial robot structural design. Moreover,
improving the calculation efficiency of the method can effectively promote the application
of the method in engineering. Therefore, in this paper, a simulation-based reliability design
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optimization method (SBRDOM) is prosed for an industrial robot structural design. In
the proposed method, the simulation design is integrated with the reliability design opti-
mization to obtain a robot structural design model, and therefore, the best balance between
economy and safety could be achieved during the robot structural design. Furthermore,
the SORA algorithm was employed to solve the problem of low computational efficiency
of reliability design optimization in engineering applications.

The remainder of this paper is organized as follows. Section 2 provides the proposed
SBRDOM, including the SBRDOM procedure, the formulation of the reliability design
optimization model and the SORA algorithm and its associated mathematical formulation.
In Section 3, the design of the big arm and small arm is used to demonstrate the validity of
the proposed method. Finally, Section 4 concludes this work and suggests future work.

2. Simulation-Based Reliability Design Optimization Method (SBRDOM)
2.1. SBRDOM Procedure

In the SBRDOM, the Latin hypercube sampling (LHS), simulation technology, response
surface method (RSM) and SORA (Sequential Optimization and Reliability Assessment)
algorithm were integrated to complete the structural design of the robot. The proposed
method integrated the joint simulation of MTLAB and ANSYS into approximate technology
so as to obtain the performance function of an industrial robot. In addition, the proposed
method employed the SORA algorithm to solve the problem of low computational efficiency
in engineering applications. The main procedure of the SBRDOM is shown in Figure 1.

Determining initial design

Stepl parameters and variables of
industrial robot
Sampling design

Step2 variables based on LHS

}

Constructing performance function of]
Step3 industrial robot based on computer
simulation and RSM

Constructing reliability design
Step4 | optimizaiton model of industrial robot
based on Probabilistic reliability theory]

Solving reliability design
optimization problem by using

Step5
SORA algorithm
Obtaining optimal design
Step6 of industrial robot

Figure 1. Main procedure of the SBRDOM.

The main steps of the proposed method are summarized as follows.

Step 1: Determining the initial design parameters and variables of the industrial robot.
In this step, the geometric configuration, load, material and working environment of the
industrial robot were analyzed to define the uncertainty design parameters and variables.

Step 2: Sampling the design variables based on LHS. In this step, the LHS [25] was
used to obtain the samples of the design variables. The bounds of each variable were
regarded as an interval. This interval was divided into # small intervals, and then a sample
point was randomly extracted from each small interval. The final samples were obtained
by combining all the sample points.

Step 3: Constructing the performance function of the industrial robot based on com-
puter simulation and RSM. In this step, the joint simulation of MTLAB and ANSYS was
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integrated with RSM to obtain the preformance function of the industrial robot. The
detailed operation of this step is shown in Figure 2 and explained as follows,

Sample points
produced in step 2

3] Updating simulation
’ models

{

|
|
|
I 32 |Perf0rming simulations|
|
|
|
|

l

Approximating
133 performance function

Figure 2. Detailed operation of step 3.

Step 3.1: Updating the simulation models. Firstly, the 3D parameter model of the
industrial robot was constructed by using the ANSYS software. Then, the computer
simulation model was updated with the sample point produced in step 2.

Step 3.2: Performing the simulations. The ANSYS simulation was performed with
each sample, and then the response values corresponding to each sample were obtained.

Step 3.3: Approximating the performance function by using RSM. In this step, MAT-
LAB was used to apply the approximation technology. Based on the samples and responses,
the performance function could be obtained by using the approximation approach. The
general used approximate model included a polynomial model, a kriging model and a
support vector machine model.

Step 4: Constructing the reliability design optimization model of the industrial robot
based on the probabilistic reliability theory. Based on the probability reliability theory [26],
the design parameters and variables were modeled as random parameters and variables,
and then the reliability design optimization model of the industrial robot could be constructed.

Step 5: Solving the reliability design optimization problem by using the SORA algo-
rithm. The reliability design optimization model of the industrial robot was carried out by
employing the SORA algorithm in this step. The process of SORA is detailed in Section 2.3.

Step 6: Obtaining the optimal design of the industrial robot. In this step, the opti-
mization results obtained by SORA were evaluated. If the results were not reasonable, we
turned back to Step 2 to perform the process again. The evaluation criterion was that the
difference between two optimization results had to be within the allowable accuracy range.

2.2. Formulation of the Reliability Design Optimization Model

The general reliability design optimization model for the industrial robot is presented
as follows:
min f (k)
s.t. Pr[gi(x,, p,) < 0] > Ry
e < e <y
i=12---,n

)

where f is the objective function, x, is the vector of the random design variable, u, is the
vector of the mean values of the random design variable, p, is the vector of the random
design parameter, Pr stands for the probability, g; is the ith performance constraint function,
n is the number of the performance constraint function, and the superscripts L and U,
respectively, stand for upper boundary and lower boundary.

The performance constraint function was obtained by using the approximate model,
and therefore g; was an implicit function. The expression of g; depends on the selection
of the approximate model. Since different approximate models have different accuracy
and efficiency, the approximate model to be selected relies on the specific context. In this
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proposed method, the quadratic polynomial with cross terms was chosen for fitting the
performance constraint function, which is given below.

m m mom
g(x) =ap+ Z bix; + Z cixiz + Z Z d,'jxixj (2)
i=1 i=1 i=1j=it1

where ¢(x) stands for the approximation of the performance constraint function, ag, b;,
c; and dj; are coefficients, x; and x; is the ith or the jth random design variable, m is the
number of the random design variable.

2.3. SORA and Its Associated Mathematical Formulation

It has been practically testified that SORA [27] is an efficient algorithm to solve reliabil-
ity design optimization problems, which has been widely used due to its high efficiency. In
SORA, the optimization solution process is decomposed into a deterministic optimization
and an uncertainty analysis, which are executed alternately. The detailed process of SORA
is shown in Figure 3 and explained as follows.

calculating

¥
Deterministic design

53 optimization k=k+1 I
* 3

5.4 | Reliability assessment

onvergencg

€s

52

|
|
Current shift vector s |
|
|

5.5

To step 6

Figure 3. Detailed process of SORA.

Step 5.1: Initial value setting. The starting points including the design variables and
the parameters were set. Let the shift vector s = 0, and set the iteration number k = 1. Set

Pimpp = pl(,o), xi(g,}PP = u,((o), where the superscript (0) stands for the initial iteration, and
Pimpp and X;,pp stand for the inverse most probable point (iMPP) of the random parameter
and the iMPP of the random variable, respectively.

Step 5.2: Current shift vector s calculation. The shift vector s is calculated by

Si = Hx " — xi(ﬁpp (3)

where s; is the vector of the shift vector corresponding to the ith performance constraint

(k)

function, k stands for the kth iteration, X;MPP

mance constraint function.
Step 5.3: Deterministic design optimization. In this step, the deterministic design
optimization was conducted, whose model is given as follows.

is the iMPP corresponding to the ith perfor-

min f (py)

s.t. gi(Hy — si, Piypp) < 0 @
uf <p < ¥
i=1,2,--,n
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Step 5.4: Reliability assessment. p;\pp and x;ypp could be determined by using the
reliability assessment, which was conducted through the following optimization model.

el e ®
.t = t)
where G; is the ith performance function in standard normal space (u-space), and u is the
vector of standard normal random variables and parameters, that is u = [up, ux] . up and
uy are transformed from the original vector of random variables and random parameters,
respectively. For the transformation formulas, please refer to Ref. [28].

Step 5.5: Convergence judgment. Judging whether the objective function achieved
convergence and whether the constraints were respected. If the convergence criterion os
met, then go to step 6, otherwise let k = k + 1 and proceed to the next iteration.

3. Demonstrative Example
3.1. Simulation Model of a Mechanical Arm

The ANSYS software was used to perform a static structural analysis. Taking an
industrial robot with a load weight of 6 Kg as the object, the reliability design optimization
of its big arm and small arm was carried out by using the proposed method. The structure
of the mechanical arms is shown in Figure 4.

Figure 4. Structure of the mechanical arms.

When the finite element analysis model was established, the body mesh method was
employed in order to measure more precise values during the mesh analysis. The three-
node triangular element was chosen as the element type, and the element size was set to
2 mm. For the big arm, the number of nodes was 108,657 and the number of element was
58,479, while for the small arm, the number of node was 87,781 and the number of element
was 50,160. The mesh analysis of the big arm and the small arm is shown in Figures 5 and 6.

Figure 5. Finite element analysis model of the big arm.



Appl. Sci. 2023,13, 3776

7 of 15

Figure 6. Finite element analysis model of the small arm.

The limit state (that is, the horizontal position) was considered to finish the simulation
analysis, and the force analysis of the mechanical arm is shown in Figure 7. In Figure 7,
Garm1 and Ggrmo represent the gravity of the big arm and the small arm, respectively. Ggiye
and G,;s; represent the motor gravity and wrist gravity of the big arm and the small arm,
respectively. Fpy is the maximum load that the robot arm can lift. According to the force
analysis and to Ref. [9], the loads and constraints of the mechanical arms could be applied
as shown in Figure 8. In Figures 7 and 8, A, B and C represent the joins of the robotic arms,
and the details are as follows: A represents joint of first and second links, B represents joint
of second and third links, C represents joint of third and fourth links.

Big arm Small arm

L

frr L 4 e oLy

driver Eiai

Figure 7. Force analysis.

Big arm Small arm
D B D),
Full constraint Full constraint ¢
F1 P

Figure 8. Application of loads and constraints.

For the big arm, the full constraints were applied to the end A, while the force F; and
the moment M; were applied to the end B. For the small arm, the full constraints were
applied to the end B, while the force F, and the moment M, were applied to the end C. The
force and the moment can be calculated by

Fy = Garm2 + Gurist + Fmax

Ml = Garm2L3 + Gwrist(LS + L4) + Fmax(L3 + L4 + LS)
b= Gwrist + Fmax

M; = Gwrist(LB + L4) + Fmax(LS + Ly + LS)

(6)

The material properties and loads are listed in Table 1, and the stress and deformation
distribution on the big arm and the small arm are shown in Figures 9 and 10.
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Table 1. Material properties and loads.

Parameter Value
Elastic modulus 72 GPa
Poisson’s ratio 0.33
Density 2770 kg /m?
Force Fq 469.71 N
Moment Mq 130.96 N-m
Force Fp 118.75 N
Moment M, 58.8 N-m
Static Structural Static Structural
Type: Equivalent (von-Mises) Stress Type: Total Deformation

Unit: MPa
8.1465
7.2413
6.3362
5.4311
4.5259
3.6208
2.7156
1.8105
0.90535
0

Unit: mm
0.056077
0.049846
0.043615
0.037385
0.031154

0.024923
0.018692
0.012462
0.006231
0

Figure 9. Stress and deformation distribution for the big arm.

Static Structural Static Structural
Type: Equivalent (von-Mises) Stress Type: Total Deformation
Unit: MPa Unit: mm

7.0092
6.2319

5.4546
4.6773
3.9
3.1227
2.3453
1.568
0.79072

0.12715
0.11303

0.098898
0.08477
0.070641

0.056513
0.042385
0.028257
0.014128
0 0

Figure 10. Stress and deformation distribution for the small arm.

It can be seen in Figures 8 and 9 that, in the current design, the maximum stress on the
big arm was 8.1465 MPa, and the maximum deformation was 0.056077 mm, whereas the
maximum stress on the small arm was 7.0092 MPa, and the maximum deformation was
0.12715 mm.

The 3D parameter simulation models of the big arm and the small arm above-
mentioned were established by the parameter design language of ANSYS (APDL). The
APDL command of the full simulation process contains geometric modeling, mesh genera-
tion, material property settings, load and constraint imposition and simulation solution
settings. The APDL command was used to complete the simulation of the different samples
in order to obtain the performance function of the reliability design optimization model.

3.2. Uncertainty Modelling

The impact of uncertainties was considered in the design optimization of the robot.
When the reliability design optimization of the big arm and small arm was performed,
three structure variables were considered as the uncertainty design variables, and two
performance parameters were considered as the uncertainty design parameters for the big
and small arm, respectively. The distribution of the uncertainties is shown in Table 2.
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Table 2. Distribution of the uncertainties.
Mean
Uncertainty Distribution Standard
Low Up

X1 Normal 2 mm 12 mm 0.1y,
X Normal 3mm 15 mm 0.1px,
X3 Normal 2 mm 12 mm 0.1y,
X4 Normal 6 mm 18 mm 0.1py,
X5 Normal 2mm 15 mm 0.1pxs
X6 Normal 8 mm 20 mm 0.1px,
O Normal 210 MPa 210 MPa 18 MPa
€ Normal 0.08 mm 0.08 mm 0.008 mm
& Normal 0.1 mm 0.1 mm 0.01 mm

The symbols x1, x and x3 are the geometrical structure parameters of the big arm
shown in Figure 11, while the symbols x4, x5 and x4 are the geometrical structure parameters
of the small arm shown in Figure 12. x1, xp, x3, x4, x5 and x; are all random variables of a
normal distribution with mean value (py,, i = 1,2, ... ,6) and standard deviation (0.1 py,,
i=12,...,6).0sis the yield strength, &1 and ¢, are the allowable maximum deformation
of the big arm and the small arm, respectively, o, &1 and ¢, are three random parameters
rather than random variables, which all obey a normal distribution.

Figure 11. Geometrical structure of the big arm.

Figure 12. Geometrical structure of the small arm.

3.3. Reliability Design Optimization Model

In the structure optimization design of the big arm and the small arm, the impact
of uncertainties was considered. With the lightest weight of the robotic arm as the goal,
the yield stress and deformation meeting the allowable requirements as the performance
constraints, an initial model of the reliability design optimization of the manipulator was
constructed. The initial reliability design optimization model of the big arm was:

min - f(fx, Hxy, Pay)
= 4.16(70 + piy,)? x 1074 + 0.02x,
—2.1(72.5 — 2y, )% x 1074
+0.83 x (105 + 2pix,)? x 107* + 6.69 7)
st. Ci = Prob[(as -4 (xl, X2, X3)) > 0] > 0.9987
C = Prob[(sl — gz(xl, X2, X3)) > O] > 0.9987
2 <y <12 3 <y, <15 2 < payy <12
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The initial model for the reliability design optimization of the boom was:

min f (jix,, fas, flxg) = 4.06 x 1072 + 41602 x 1074
+2.08p1y, x 1072 4+1.91p3, x 1073
+9.57)25 x 1072 4 6.66p5, x 10~
+3.33py, x 1072

s.t. C3 = Prob[(os — §3(x4, x5, x6)) > 0] > 0.9987

Cy4 = Prob[(ex — 4(x4, x5, %6)) > 0] > 0.9987
Cs = pxy — Yas 2 1.5;Co = g — pixy = 1.5
6 < px, <18, 2 <y <15, 8 < piy <20

®)

In Equations (7) and (8), C; and C; are the constraints of the strength reliability and
stiffness reliability of the big arm, C3 and Cy are the constraints of the strength reliability
and stiffness reliability of the small arm, Cs and Cg are the geometric structure constraints
of the small arm. The strength reliability and the stiffness reliability were modeled by
the stress and the deformation of the robot arms, respectively. The minimum allowable
reliability was Ry = 0.9987. The function ¢;(i = 1,2, 3,4) of the reliability constraints is the
implicit function. Through adding the reliability constraints in the design optimization, a
lightweight design of the robot could be obtained under the condition of meeting certain
reliability performance requirements. It is noted that the models of Equations (7) and (8)
only consider the reliability requirements under static performance and do not consider
the reliability requirements under dynamic performance. Additionally, the establishment
of the model also did not consider the influence of the jump resonance. However, the jump
resonance will inevitably occur due to the decay of the device mechanical properties [29].
This will also affect the reliability of the robotic arm.

The function could be obtained by the step 2 and step 3 of the proposed method,
and Equation (2) was adopted as the approximation function. The ANSYS v. 18.1 and
MATLAB v. R2021b software were combined to complete this process. The data transfer
from MATLAB and ANSYS was performed as follows: (1) MATLAB was used to obtain
the samples of the uncertainties, and then we used the “save” function to save the samples
data as a “txt” file readable by ANSYS; (2) ANSYS was activated by the “system” statement
of MATLAB; (3) ANSYS used the APDL command “VREAD” to read the “txt” file of the
samples data saved by MATLAB; (4) ANSYS invoked the APDL command established by
Section 3.1 to carry out the simulation for all the samples, and the results of maximum stress
and deformation were also saved as a “txt” file using the APDL command “MWRITE":
(5) MATLAB read the results file by the “load” function, and then the coefficient of the
approximation function was obtained by data fitting of MATLAB. The coefficients of the
approximation function are reported in Table 3.

Table 3. Coefficients of the approximation function.

Big Arm Small Arm

Coefficient R Stress DAeformation . Stress DAeformation
81 (x1,%2,%3) 8 (x1,%2,%3) 85 (x4,x5,x¢) 84 (xa,x5,%6)

ao 16.08 0.09 76.08 1.04
b —0.79 42 %x 1073 0.3 292 x 1073

b, —0.87 3.63 x 1073 -85 —0.12

b3 —0.04 2.85 x 1074 —24 —0.04
o 443 x 107° 1.05 x 1074 —4.6x 1073 —1.84 x 107°
c 0.03 9.89 x 107° 0.33 4.89 x 1073
3 59 x 1073 —8.72 x 107 0.09 1.36 x 1073
dis 0.027 5.28 x 107° —5.8x 1073 —7.65 % 107°
dis 0.013 —2.7 x 107° —0.02 —-19x10*

do3 —0.01 —7.37 x 107 0.017 1.84 x 1074
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3.4. Optimization Result Analysis

The reliability design optimization model by Equations (7) and (8) was solved by the SORA
method. The results for the big arm and the small arm are shown in Tables 4 and 5, respectively.

Table 4. Reliability design optimization results for the big arm.

. . . Deterministic Proposed Reliability
Item Original Design Optimization Optimization
(x1, x2, x3) (11,9.5, 8) mm (2,3,2) mm (8.79, 3.54, 2) mm
Weight 10.22 Kg 8.96 Kg 943 Kg
Strength reliability 1 1 1
Stiffness reliability 0.9999989 0.63407 0.99884

Table 5. Reliability design optimization results for the small arm.

.. . Deterministic Proposed Reliability
Item Original Design Optimization Optimization
(x4, x5, Xg) (16.5,13, 18) mm (9.8, 8.3, 11.3) mm (12.08,10.58, 13.58) mm
Weight 2.84Kg 1.67 Kg 211Kg
Strength reliability 1 1 1
Stiffness reliability =~ 0.99926 0.5 0.99872

In order to better analyze the design results by different design methods, the results
by the deterministic optimization and original design are also shown in Tables 4 and 5. It
can be seen in Tables 4 and 5 that the weight and the stiffness reliability by the proposed
reliability design optimization were between those obtained with the deterministic design
optimization and the original design. All three designs had the same strength reliability.
Compared with the deterministic design optimization, the results of the proposed method
had a higher weight (the big arm weighed 9.43 Kg, and the small arm 2.11 Kg, while the
weights by deterministic design optimization were 8.96 Kg and 1.67 Kg, respectively).
However, the stiffness reliability of the deterministic design optimization (for the big
arm, it was only 0.63407, and for the small arm, it was 0.5) was much lower than that
of the proposed method (for the big arm, it was 0.9999989, and for the small arm, it was
0.99926). This shows that although the deterministic optimization could obtain the lightest
weight, its design results could not satisfy the design requirements of the stiffness reliability.
This indicates that the design of the proposed method is more reliable than that of the
deterministic optimization. For the original design, both the weight and the reliability were
the highest. Compared with the original design, the proposed method could reduce the
weights of the big arm and the small arm by 7.73% and 25.70%, respectively, and meanwhile
satisfy the 0.9987 reliability requirements. This indicates that the design optimization of the
proposed method can reduce the weight as much as possible while satisfying the reliability
design requirements. All the above descriptions demonstrate that the method proposed
in this paper can effectively complete the structural reliability design optimization of
industrial robots.

Modal analysis is an important means to understand the vibration of a designed
industrial robot; therefore, a modal analysis of the big arm and the small arm was performed.
The ANSYS results under the first-order modality are shown in Figures 13 and 14. The
frequencies under the original design and the reliability optimization design for the different
modality shapes are presented in Table 6.
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Modal

Type: Total Deformation

Frequency: 164.37 Hz

Unit: mm
26.996
23.997
20.997
17.997
14.998
11.998
8.9987
5.9991
2.9996
0

Figure 13. Total deformation of the big arm under the first-order modality.

Modal

Type: Total Deformation
Frequency: 503.84 Hz
Unit: mm
43.799
38.933
34.066
292
24.333
19.466
14.6
9.7332
4.8666
0

Figure 14. Total deformation of the small arm under the first-order modality.

Table 6. Frequencies for the different modality shapes.

Big Arm Small Arm
Mode Original Reliability Original Reliability
Design Optimization Design Design Optimization Design
1 150.48 Hz 164.37 Hz 490.15Hz 503.84 Hz
2 448.76 Hz 465.17 Hz 490.17 Hz 503.85 Hz
3 745.96 Hz 840.06 Hz 2314.6 Hz 2295.7 Hz
4 813.27 Hz 866.96 Hz 2331.6 Hz 2391.4 Hz
5 1921.7 Hz 1939.4 Hz 2331.7 Hz 2391.5 Hz
6 2003.7 Hz 2048.3 Hz 3727.6 Hz 3696.8 Hz

The modal analysis results showed that the frequencies of the big arm and the small
arm under the first-order modality in the design of the reliability optimization were
164.37 Hz and 503.84 Hz, respectively. In Table 6, the first six natural frequencies of
the big arm range from 164.37 Hz to 2048.3 Hz for the reliability optimization design and
from 150.48 Hz to 2003.7 Hz for the original design. In additional, the first six natural fre-
quencies of the small arm range from 503.84 Hz to 3696.8 Hz for the reliability optimization
design and from 490.15 Hz to 3727.6 Hz for the original design. For neither the big arm nor
the small arm, the minimum natural frequency under the reliability optimization design
was greater than that under the original design. The results of the modal analysis indicated
that the design result of the reliability optimization was more reasonable.

In addition, the reliability design optimization model according to Equations (7) and (8)
was also obtained by the double-loop procedure [27] of the reliability design optimization
in order to verify the effectiveness of the proposed method. The comparison results are
shown in Table 7.
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Table 7. Comparison of different reliability design optimization methods.

Big Arm Small Arm
Method
[(xq, x2, x3), Weight] Time [(x4, x5, x6), Weight] Time
Proposed [(8.79, 3.54, 2) mm, [(12.08, 10.58, 13.58) mm,
SBRDOM 9.4306 Kg] 2097:355 2.1133 Kg] 1857.24 s
double-loop  [(8.75, 3.56, 2) mm, [(12.06, 10.52, 13.61) mm,
method 9.4295 Kg] 282361 2.1061 Kg] 4558225

In Table 7, the RBDO results obtained with the proposed SBRDOM are close to those
obtained by the RBDO method based on the double-loop procedure. However, the simula-
tion time of the proposed SBRDOM is much shorter than that of the RBDO method based
on the double-loop procedure. This demonstrated that the proposed method can improve
the computational efficiency while ensuring the reliability of the optimization results.

4. Conclusions

Considering that the influence of uncertainties in the structural design of industrial
robots is important for improving the performance of the robots, in this paper, a simulation-
based reliability design optimization method is proposed to improve the reliability of robots.
Four steps including LHS, approximating the performance function based on simulation,
establishing the reliability design optimization model and optimization solution based
on the SORA algorithm were involved in the proposed method. The effectiveness of
the proposed method was verified by the design of the big arm and the small arm of an
industrial robot with a load of 6 Kg. Compared with the deterministic design optimization,
the proposed method appeared to be more efficient in ensuring performance reliability.
The verification results showed that the proposed method can successfully realize the
reliability design of industrial robots. The verification results also demonstrated that the
proposed method has a better computational efficiency compared with the reliability design
optimization of the double-loop method.

In this paper, the reliability design optimization of the big arm and small arm of an
industrial robot was performed under conditions which did not consider the dynamic
performance and the design optimization of other connecting parts, and therefore a whole
reliability design optimization method can be developed on the basis of the proposed
method in the future. The influence of the jump resonance on the reliability of the robotic
arms was also not considered in this research. In addition, the study considered a single-
disciplinary reliability design optimization. However, the structural design of industrial
robots is a problem involving multiple disciplines such as mechanical and electrical sys-
tem and control. Consequently, the development of a multidisciplinary reliability design
optimization method simultaneously considering static performance, dynamic perfor-
mance and jump resonance will be the focus of future work, so as to further improve the
performance of the industrial robot.
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