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Abstract—In order to address the coordination constraints and
physical constraints subjected to the dual-arm robot simulta-
neously, a novel four-criterion-optimization coordination motion
(FCOCM) scheme is proposed, which combines four optimiza-
tion criteria, namely, the repetitive motion planning (RMP),
minimum velocity norm (MVN), maximize manipulability (MM)
and infinity-norm velocity minimization (INVM). The scheme
can remedy discontinuity in the INVM scheme, eliminate joint
angular drift phenomenon, prevent the high joint angular velocity
and maximize manipulability, thereby improving the motion
efficiency and ensuring safety and accuracy in the process of
tasks. Besides, this scheme also considers real-time trajectory
feedback, satisfies physical constraints, and ensures the joint
angular velocity is zero at the end of tasks. Furthermore, the
improved FCOCM scheme is solved by a novel power-exponent-
type variable-parameter recurrent neural network (PET-VPNN)
model proposed in this paper. A novel Sinh-tunable type acti-
vation function which achieves better convergence performance
is also proposed. Simulations and experiment are presented to
verify the superiority of the proposed coordination motion control
method. This research is of great significance for the coordination
motion control of dual-arm robots in complex path planning
tasks.

Index Terms—Coordination motion control, Motion planning,
Dual-arm robot, Recurrent neural network (RNN), Redundant
manipulator

I. INTRODUCTION

REdundant dual-arm robotic manipulators can perform
some complex and coordinated tasks more flexibly and

efficiently [1], [2]. Redundancy results in infinite solutions
for a given primary task, allowing the robot to perform
both secondary task and primary task simultaneously, thereby
promoting high-quality motion control of robots [3]–[5].
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The motion control of redundant robots involves the trans-
formation from Cartesian space to joint space, which carries
nonlinear mapping information [6]–[8]. To address this prob-
lem, conventional pseudo-inverse methods have been proposed
and studied in earlier work [9]. Due to the need to continuously
execute the pseudo inverse solution of the matrix over time,
this control strategy suffers from a large computational burden
and local instability issues, which leads to limitations in
handling joint constraints and optimizing specific performance
indicators [10]. When the end-effector completes the closed
path tracking task, the joint may not return to its initial
position, i.e., the joint angle drift phenomenon occurs. This
phenomenon will cause joint sprains, affect production pro-
cess, and even endanger safety of the operator. However,
conventional methods cannot simultaneously consider optimal
performance, satisfy physical constraints and remedy joint
angle drift phenomenon [11]–[13].

In order to overcome shortcomings of conventional control
methods, in recent years, researchers have proposed some
novel control and planning strategies, which are optimized
based on joint angular velocity or mechanical performance,
such as force control or impedance control [14]–[18]. How-
ever, these approaches only consider a single optimization
criterion and rely on force sensor systems [19], [20]. To
achieve multiple optimization designs, researchers proposed
several multi-criteria optimization schemes which can opti-
mize control and planning of dual-arm robots more compre-
hensively [21]–[24]. Zhang et al. [21] presented a primitive
dual dynamical system solver based on linear variational
inequality to achieve joint torque optimization of redundant
manipulators subject to physical constraints. Kanoun et al. [22]
proposed a novel method and optimality criteria for prioritizing
linear systems, which has been successfully applied to local
motion planning of robots. Schutter et al. [23] introduced a
system constraint-based approach that integrated instantaneous
task specification and geometric uncertainty estimation into a
unified framework. Wang et al. [24] proposed a novel pro-
gramming method based on boundary constraints to generate
dual-arm trajectory online. However, due to the large number
of optimization indicators and the need for large calculation
time, these optimization schemes have the limitation that it is
difficult to balance coordination motion control and planning
optimization [25]–[27]. Most of them are only developed
for a single redundant manipulator, while the multi-criteria
optimization schemes for dual-arm robots are seldom or even
not considered in the past [28], [29].

As the demand for complex tasks continues to grow, the

This article has been accepted for publication in IEEE Transactions on Cognitive and Developmental Systems. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TCDS.2022.3182534

© 2022 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: Shenyang Institute of Automation. Downloaded on June 15,2022 at 03:05:10 UTC from IEEE Xplore.  Restrictions apply. 



2 IEEE TRANSACTIONS ON COGNITIVE AND DEVELOPMENTAL SYSTEMS, VOL. *, NO. *, * 2021

Fig. 1. Structure diagram of the coordination motion control scheme of dual-arm robots

motion planning and control of dual-arm robots will be re-
stricted by coordination constraints and physical constraints
[30]–[32]. Therefore, it is urgent to solve problems of co-
ordination control of dual-arm robots [33]–[35]. Researchers
from various countries in the world have proposed many
novel control strategies to solve the problem of coordination
planning and control of dual-arm robots [36]–[38]. Zhang
et al. [36] proposed a novel three-criteria optimized coor-
dinated motion method to solve the complex path track of
dual-manipulators. Jia et al. [15] proposed a robust control
method for a dual-arm space robot with system uncertainty
and closed chain constraints. Shi et al. [17], [37] studied
the coordinated control of the posture of the base and the
movement of the dual-arm robot in the task space in the
presence of system uncertainty. Zhang et al. [12] proposed a
new maneuverability measurement method for analyzing dual-
arm space robots. Qu et al. [28] proposed a novel motion
learning method for dual-arm robot based on human-arm
coordination. Selvaggio et al. [20] proposed a tactile guidance
method for remote manipulation of dual-arm robots. Yang et
al. [38] developed an adaptive fuzzy control scheme for a
dual-arm robot with uncertain kinematics and dynamics. In
general, most of the current researches on the coordination
motion control of dual-arm robots have not considered the task
requirements of dual-arm task optimization and coordination
motion planning of the dual-arm robot itself [3], [14]. The
current proposed approaches cannot be easily integrated into
a unified optimization structure, which increases the difficulty
of the solution, and thus requires more advanced integration
skills [11], [31]. This motivated us to try to develop a novel
four-criterion-optimization based coordination motion control
method of dual-arm robots in this paper.

In order to solve the challenges and limitations of the
above-mentioned coordination motion control for dual-arm
robots, a novel four-criterion-optimization coordination mo-
tion (FCOCM) scheme is proposed, which simultaneously
addresses the coordination constraints and physical constraints
subjected to dual-arm robots. Four optimization criteria,

namely, repetitive motion planning (RMP), minimum velocity
norm (MVN), maximize manipulability (MM) and infinity-
norm velocity minimization (INVM) are selected to optimize
coordination motion planning for dual-arm robots. The pro-
posed scheme can remedy the discontinuity in the INVM
scheme, eliminate joint angular drift phenomenon, prevent
the high joint angular velocity and maximize the manipula-
bility, thereby improving the motion efficiency and ensuring
safety and accuracy in the process of tasks. Furthermore,
the improved scheme is solved by a novel power-exponent-
type variable-parameter recurrent neural network (PET-VPNN)
model. The structure diagram of the coordination motion
control scheme of dual-arm robots is shown in Figure 1. The
proposed coordination motion control method for dual-arm
robots is compared with other existing methods, as shown in
Table 1. Compared with other schemes, the proposed scheme
can adjust the weights of four optimization criteria according
to task requirements, which has stronger adjustability and
flexibility, and can better meet the task requirements and
complete tasks with perfect performance. This research is of
great significance for the coordination motion control of dual-
arm robots in complex path planning tasks.

The remainder of this paper is as follows. In Section 2, an
improved FCOCM scheme for dual-arm robots is proposed.
In Section 3, a novel PET-VPNN model and a Sinh-tunable
type activation function are proposed to solve the improved
scheme. Section 4 presents the simulation and experiment to
verify the superiority of the proposed coordination motion
control method. Conclusion is presented in Section 5. The
main contributions of this paper are as follows:

1) This paper presents a novel FCOCM scheme, which
can simultaneously remedy discontinuity in the INVM
scheme, eliminate joint angular drift phenomenon, pre-
vent the high joint angular velocity and maximize manip-
ulability. Compared with other schemes, this scheme can
adjust weights of four optimization criteria according to
task requirements, which has stronger adjustability and
flexibility, thereby satisfying the task requirements and
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TABLE I
COMPARISON OF DIFFERENT COORDINATION MOTION CONTROL METHODS OF DUAL-ARM ROBOTS

JAC JVC JADF INVM MM MVN RMP Pseudo-
inversion

Trajectory
tracking

Original
position

This paper Yes Yes Yes Yes Yes Yes Yes No Yes Any
[9] No No No No No No No Yes Yes Required
[14]–[18] No Yes No No No No No No Yes Required
[21]–[24] No Yes Yes No No No Yes No Yes Required
[25], [26], [39] Yes Yes Yes No No No Yes No Yes Required
[36] Yes Yes Yes Yes No Yes Yes No Yes Any
[40] Yes Yes No No No Yes No No Yes Any
[41] Yes Yes Yes No No No Yes No Yes Any
[42] No Yes No Yes No No No No Yes Any
[43] Yes Yes No No Yse No No No Yes Any

JAC is short for joint angle constraint, JVC is short for joint velocity constraint, JADF is short for joint angular drift free.

completing tasks with perfect performance.
2) A novel PET-VPNN model is proposed to solve the

improved scheme, which achieves superior convergence
performance.

3) Simulations and experiments are presented to verify
satisfactory convergence performance of the PET-VPNN
model, as well as effectiveness, accuracy, safety and
applicability of the improved FCOCM scheme.

II. PRELIMINARIES AND SCHEME FORMULATION

A. Preliminaries

1) Preliminaries of manipulator kinematics: The kinemat-
ics model of the dual-arm robot is shown in Figure 2. Its
kinematic equation is as follows:

rL/R = fL/R(θL/R) (1)

where rL/R ∈ Rm and θL/R ∈ Rn denote the desired trajec-
tory and the joint angular of the left and right manipulators, m
and n denote dimension of the task space and the joint space,
respectively.

Remark 1: Note that the kinematics equation (1) in this
paper assumes that the two kinematic chains of left and
right manipulators are completely decoupled, and the torso
joints of the dual-arm robot are not taken into account. It
can be confirmed by viewing the kinematics model of the
experimental platform in Figure 2. This assumption is also
applied in the subsequent equations.

Due to the non-linear characteristics of (1), it is usually
difficult to directly solve the inverse kinematics of the dual-
arm robot. Therefore, rewrite the formula at the joint velocity
level as

JL/R(θL/R)θ̇L/R = ṙL/R (2)

where JL/R = ∂fL/R(θL/R)/∂θL/R ∈ Rm×n, ṙL/R and
θ̇L/R are velocity of the end-effector and the joint, respec-
tively.

Moreover, we specify physical constraints as follows:

θ−L/R ≤ θL/R ≤ θ
+
L/R and θ̇−L/R ≤ θ̇L/R ≤ θ̇

+
L/R (3)

where θ−L/R, θ
+
L/R, θ̇

−
L/R, θ̇

+
L/R ∈ Rn are defined as the bounds

of θL/R and θ̇L/R, respectively.

2) Minimum velocity norm (MVN) criteria: In recent years,
many researchers have performed online optimization by
converting the inverse kinematics problem into time-varying
quadratic programming (TVQP) problems. Therefore, in order
to solve the redundancy resolution, the MVN optimization
criteria [40] is mostly used to minimize the sum of the squares
of the joint velocity, which is expressed as follows:

min ‖θ̇‖22/2 (4)

where ‖ · ‖2 represents the Euclidean norm.
3) Repetitive motion planning (RMP) criteria: When the

task space of the end-effector of the manipulator is a closed
path, if joint angles do not return to the initial value, it will
lead to the joint angle drift phenomenon. Thus, configuration
efficiency of the manipulator is reduced. Therefore, it is hoped
to obtain an inverse kinematics scheme that can map the closed
trajectory in the task space to the closed trajectory in the joint
space, i.e., RMP scheme. The RMP optimization criteria [41]
is expressed as

min cTθ̇ (5)

where c := k(θ(t)− θ(0)) and k > 0.
4) Infinity-norm velocity minimization (INVM) criteria:

The efficiency minimization of the redundancy resolution of
the manipulator is expressed as the INVM optimization criteria
[42] form as

min ‖θ̇‖2∞/2 (6)

where ‖θ̇‖∞ = max1≤i≤n‖θ̇i‖.
5) Maximize manipulability (MM) criteria: Jin et al. [43]

defined the maneuverability of the manipulator as a function
of the Jacobian matrix as follows:

µ =
√

det (JJT) =
√
µ1µ2 . . . µm (7)

where µi ≥ 0, i ∈ (1, 2, · · · ,m) is the i-th largest eigenvalue
of JJT � 0. This equation represents a scalar description
for the overall gain of the joint velocity and the end-effector
velocity, and measures the singularity of the manipulator.
When the manipulator is in a singular position, r(J) < m,
µ reaches its minimum value 0. In order to improve the
maneuverability and to avoid singular positions, it is best to
make the value of µ tend to the maximum during operation.
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Fig. 2. Kinematic model of the dual-arm robot

Therefore, the MM optimization criteria [43] is expressed
as follows:

min − θ̇T(J♦H1, H2, · · · , Hm)ψ (8)

where Hi = ∂J/∂θi, ψ ∈ Rm2

is defines as
vec((JJT)−1), ♦ is equivalent to J♦{H1, H2, · · · , Hm} =
[vecT(HT

1 ) vecT(HT
2 ) · · · vecT(HT

m)]T(Im ⊗ JT).
Remark 2: Considering kinematic characteristics of dual-

arm robots, four optimization criteria, including the MVN,
RMP, INVM and MM are selected in this paper to optimize
coordinated motion planning, thereby improving the motion
efficiency and ensuring safety and accuracy in the process of
tasks. Due to four criteria optimization, the proposed scheme
can remedy discontinuity in the INVM scheme, eliminate
joint angular drift phenomenon, prevent the high joint angular
velocity and maximize manipulability. Besides, this scheme
considers real-time trajectory feedback, satisfies the physical
constraints, and ensures that the joint angular velocity is zero
at the end of tasks.

B. The improved FCOCM sub-schemes

The TVQP-based improved scheme considers physical con-
straints, and solves the joint angle drift phenomenon. More-
over, the scheme also conforms to the four optimization criteria
of the MVN, RMP, INVM and MM, so that the dual-arm robot
can satisfactorily complete the coordinated motion task.

Thus, the optimized form to solve the joint angle drift
phenomenon is expressed as follows:

min θ̇TAθ̇/2 + cTθ̇, (9)

where A := ‖θ(t) − θ(0)‖22I , c := k(θ(t) − θ(0)), k > 0
is used to adjust the gain effect to remedy the joint angle
drift phenomenon. (9) eliminates joint angle drift phenomenon
through real-time feedback of joint angles, so it is called the
joint-angular-drift-free (JADF) criterion.

In order to simultaneously consider the JADF criterion and
the RMP criterion, this paper expresses them uniformly and
comprehensively as:

min ‖θ̇ + cT‖22/2, (10)

Furthermore, the corresponding JADF scheme without con-
sidering real-time trajectory feedback consideration is written
as follow:

min ‖θ̇ + cT‖22/2,
s.t. J(θ)θ̇ = ṙ.

(11)

In order to improve robustness and reduce errors, real-time
trajectory feedback is used to effectively reduce the cumulative
position error, as shown below:

s.t. Jθ̇ = ṙd +K(rd − f), (12)

where K ∈ Rm×m is a positive-definite symmetric matrix.
Therefore, we replace the constraints in (11) with (12).

Remark 3: The left side of the equation (12) represents
the end-effector velocity calculated from the actual measured
joint angles. There are two terms on the right side of the
equation (12), among which, the first term ṙd is the desired
end-effector velocity, in the second term rd is defined as the
desired trajectory of the end-effector, and f is defined as the
actual trajectory calculated by the kinematic equation (1) of
the actual joint angle measured in real-time. In the process
of optimization iteration, the value of rd − f will gradually
approach zero, so that the actual end-effector velocity on the
left side of equation (12) and the desired velocity on the
right side tend to be equal, that is, real-time feedback of end-
effector trajectory is realized. K is a scalar used to adjust
the gain effect of the real-time feedback of the trajectory.
Therefore, the realization of task requirements through real-
time feedback and trajectory optimization in (12) is called
feedback-considered (FC) criterion.

Furthermore, by combining the JADF criterion (9), the FC
criterion (12) and abovementioned four optimization criteri-
ons, and considering physical constraints (3), the improved
FCOCM scheme can be obtained.
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Therefore, the improved sub-scheme of the left manipulator
can be expressed as

min αL‖θ̇L‖22/2− βLθ̇T
L(JL♦H1L, H2L, · · · , HmL)ψL

+ηL‖θ̇L + cTL‖22/2 + (1− αL − βL − ηL)‖θ̇L‖2∞/2
s.t. JL(θL)θ̇L = ṙL +KL(rL − fL(θL))

(Im ⊗ JLJT
L )ψL = vec(Im)

θ−L ≤ θL ≤ θ
+
L

θ̇−L ≤ θ̇L ≤ θ̇
+
L

(13)

where αL ∈ [0, 1], βL ∈ [0, 1], ηL ∈ [0, 1] and (1 − αL −
βL−ηL) ∈ [0, 1] are weighting parameters, which are used to
adjust weights of the four optimization criteria.

Similarly, according to (13), the improved sub-scheme of
the right manipulator is expressed as

min αR‖θ̇R‖22/2− βRθ̇T
R(JR♦H1R, H2R, · · · , HmR)ψR

+ηR‖θ̇R + cTR‖22/2 + (1− αR − βR − ηR)‖θ̇R‖2∞/2
s.t. JR(θR)θ̇R = ṙ +KR(rR − fR(θR))

(Im ⊗ JRJT
R)ψR = vec(Im)

θ−R ≤ θR ≤ θ
+
R

θ̇−R ≤ θ̇R ≤ θ̇
+
R

(14)

where αR ∈ [0, 1], βR ∈ [0, 1], ηR ∈ [0, 1] and (1 − αR −
βR − ηR) ∈ [0, 1] are the same as the left manipulator.

C. Unification of the TVQP-based schemes
Since physical constraints of the dual-arm robot given in (3)

are joint angle constraint and joint angular velocity constraint
respectively, they can be unified as the boundary condition
of physical constraints with the real-time measurable, i.e.,
joint angular velocity as the variable, so as to ensure that
the dual-arm robot can provide real-time feedback and meet
physical constraint conditions. Therefore, physical constraints
of the dual-arm robot expressed in (3) can be comprehensively
expressed as the following equation:

ΩL/R =
{
ζ−δL/R ≤ θ̇L/R ∈ Rn ≤ ζ+

δL/R

}
(15)

where δ > 0 ∈ R, ζ−δL/R(t) and ζ+
δL/R(t) are

max[θ̇−L/R, δ(θ
−
L/R − θL/R(t))] and min[θ̇+

L/R, δ(θ
+
L/R −

θL/R(t))], respectively. Since the range of the joint angular
velocity is continuous and can be zero, ΩL/R is convex.
Therefore, the physical constraints are ultimately defined as:

θ̇L/R ∈ ΩL/R (16)

For simplicity, the improved FCOCM scheme of the dual-
arm robot can finally be converted into a standard TVQP
problem as

min α‖θ̇‖22/2− βθ̇T(J♦H1, H2, · · · , Hk)ψ

+η‖θ̇ + cT‖22/2 + (1− α− β − η)‖θ̇‖2∞/2
s.t. Jθ̇ = b

(I2m ⊗ JJT)ψ = vec(I2m)

θ̇ ∈ Ω

(17)

where α =

[
αLIm 0

0 αRIm

]
, β =

[
βLIm 0

0 βRIm

]
,

η =

[
ηLIm 0

0 ηRIm

]
, Hi =

[
HiL 0

0 HiR

]
,

b :=

[
ṙL +KL(rL − fL(θL)) 0

0 ṙR +KR(rR − fR(θR))

]
,

θ =

[
θL 0
0 θR

]
, θ̇ =

[
θ̇L 0

0 θ̇R

]
, J =

[
JL 0
0 JR

]
,

Ω =

[
ΩL 0
0 ΩR

]
, ψ =

[
ψL 0
0 ψR

]
, cT =

[
cTL 0
0 cTR

]
.

Remark 4: Compared with other optimization schemes, the
proposed FCOCM scheme can adjust weights of the MVN
criterion, INVM criterion, MM criterion and RMP criterion
according to task requirements, and has stronger adjustabil-
ity and flexibility. In the scheme, αL/R, βL/R, ηL/R and
1 − αL/R − βL/R − ηL/R are all weight parameters, which
are used to adjust the MVN criterion, MM criterion, RMP
criterion and INVM criterion, respectively. We can adjust
the proportion of the four optimization criteria by adjusting
four weights according to the actual task requirements in
different applications, so as to achieve effectiveness, accuracy
and applicability in different coordination motion tasks. The
selection rule of the specific weights is as follows:

1) The INVM optimization criterion adjusted by the weight
1−αL/R−βL/R−ηL/R can prevent the high joint velocity
of the manipulator during actual operation. However, if
the value of the weight is too large, the joint velocity will
change instantaneously in certain time intervals.

2) By combining the MVN optimization criterion adjusted
by the weight αL/R with the INVM optimization crite-
rion, the discontinuity problem in the INVM optimization
criterion can be well compensated, and the smooth and
stable operation of joints can be realized. However, if
the value of αL/R is too large, it will lead to a large
joint angle drift phenomenon, which will lead to the
accumulation of errors.

3) In order to avoid this joint angle drift phenomenon, the
RMP optimization criterion adjusted by ηL/R is intro-
duced to solve the phenomenon well and ensure the repet-
itive motion accuracy of the manipulator. However, if the
value of ηL/R is too large, although the phenomenon can
be effectively eliminated, the manipulability performance
of the manipulator will be reduced.

4) Therefore, the MM optimization criterion adjusted by
βL/R is introduced to maximize manipulability of the
manipulator during operation.

In a word, we can see that the four optimization criteria have
strong mutual coupling and influence. When adjusting and
selecting corresponding weights, we need to make adjustments
according to task characteristics and requirements in practical
applications, so as to realize better meet task requirements and
complete the task with perfect performance.

This section presents a coordinated motion planning scheme
based on four-criteria optimization while considering the real-
time trajectory feedback and solving the joint angle drift phe-
nomenon. Meanwhile, this scheme can also satisfy the physical
constraints of the manipulator. In the improved FCOCM
scheme (17), the joint angles are sequentially merged into a
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long vector, and the two TVQP problems of the dual arms are
unified into a larger TVQP problem. By solving this unification
problem, synchronization and collaboration of dual-arm robots
can be performed. It is worth noting that the TVQP problem
is difficult to solve directly because it has many complex
constraints. Moreover, computational is an important aspect
to address, also considering the low computation times that
can be achieved by solvers. Therefore, this paper develops
the subsequent recurrent neural network to iteratively find the
motion sequence to achieve coordinated motion of dual-arm
robots.

III. NEURAL NETWORK DESIGN

This section proposes a novel PET-VPNN model to solve
the unified improved FCOCM scheme (17), so as to realize
coordinated motion control for dual-arm robots.

According to the Lagrangian multiplier [44], (17) can be
re-expressed in Lagrangian form as

L(θ̇ ∈ Ω,ψ, κ1, κ2, t) = α‖θ̇‖22/2− βθ̇T(J♦H1, H2, · · · , Hm)ψ

+ η‖θ̇ + cT‖22/2 + (1− α− β − η)‖θ̇‖2∞/2
+ κT

1 (Jθ̇ − b) + κT
2 ((I2m ⊗ JJT)ψ − vec(I2m))

(18)

where κ1 ∈ R2m and κ2 ∈ R2m are the vectors of Lagrange
multiplier.

According to the Karush-Kuhn-Tucker condition, equation
(18) satisfies the following form, which is rewritten as

−∂L
∂θ̇
∈ NΩ(θ̇)

−∂L
∂ψ

= 0
(19)

where NΩ(θ̇) is the normal cone of set Ω at θ̇.
Lemma 1: If Ω ∈ Rn is a convex set and θ̇ ∈ Ω, NΩ(θ̇)

is the normal cone of the convex set at θ̇, i.e., NΩ(θ̇) =
{A ∈ R, (Z − θ̇)TA ≤ 0,∀Z ∈ Ω}. Moreover, S ∈ NΩ(θ̇) is
equivalent to PΩ(θ̇ + S) = θ̇.

Therefore, according to the above projection operator, (19)
can be written as follows:

θ̇ = PΩ(θ̇ − ∂L

∂θ̇
) (20)

which gives

θ̇ =PΩ(β(J♦H1, H2, · · · , Hk)ψ

+ (1− α− η − 1 + α+ β + η)θ̇ − κ1J
T)

=PΩ(β(J♦H1, H2, · · · , Hk)ψ + βθ̇ − κ1J
T)

(21)

Furthermore, by partial differentiating (18) about ψ, κ1 and
κ2 respectively, the nonlinear equations can be obtained as

∂L

∂ψ
= −β(J♦H1, H2, · · · , Hk)Tθ̇ + κ2(I2m ⊗ JJT) = 0

∂L

∂κ1
= Jθ̇ − b = 0

∂L

∂κ2
= (I2m ⊗ JJT)ψ − vec(I2m) = 0

(22)

Fig. 3. Structure chart of the PET-VPNN method

Therefore, the above analysis can be generalized to satisfy
the following equation, which is expressed as

0 = θ̇ − PΩ(β(J♦H1, H2, · · · , Hk)ψ + βθ̇ − κ1J
T)

0 = −β(J♦H1, H2, · · · , Hk)Tθ̇ + κ2(I2m ⊗ JJT)T

0 = Jθ̇ − b
0 = (I2m ⊗ JJT)ψ − vec(I2m)

(23)

Lemma 2: The solution of the improved FCOCM scheme
(17) for the coordinated motion control of dual-arm robots
is equivalent to the solution of the nonlinear equation (23).

Then, equation (23) is reconstructed as a matrix equation,
which is expressed as follows:

P (t)y(t) = Q(t) (24)

where

P :=


I 0 0 0
DT 0 0 (I2m ⊗ JJT)T

J 0 0 0
0 I2m ⊗ JJT 0 0


y :=

[
θ̇ ψ κ1 κ2

]T
Q :=


PΩ(Dψ + βθ̇ − κ1J

T)
0
b

vec(I2m)


D = −β(J♦H1, H2, · · · , Hk).

Moreover, the theoretical solution of equation (24) can be
written as

y∗ := [θ̇∗, ψ∗, κ∗1, κ
∗
2]T = P−1Q (25)

Then, a vector-type error is defined as

χ = Py −Q (26)
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TABLE II
DH PARAMETERS OF THE DUAL-ARM ROBOT

Joint number α (◦) a (mm) d (mm) θ

1 0 0 157 θ1
2 -90 0 127 θ2
3 180 266 0 θ3
4 180 256.5 0 θ4
5 -90 0 102.5 θ5
6 90 0 94 θ6

TABLE III
JOINT PHYSICAL LIMITS OF THE DUAL-ARM ROBOT

Joint θ−
L/R

(rad) θ+
L/R

(rad) θ̇−
L/R

(rad/s) θ̇+
L/R

(rad/s)

1 0.7505 2.6517 -1.5000 1.5000
2 0.7505 3.1416 -1.5000 1.5000
3 -2.1416 1.9058 -1.5000 1.5000
4 0.0267 1.9199 -1.5000 1.5000
5 -2.5416 -0.1416 -1.5000 1.5000
6 -3.1416 -1.1416 -1.5000 1.5000

In order to make the error χ in equation (26) converge
to zero, the negative time derivative formula is designed as
follows according to neural dynamics:

dχ(t)

dt
= − (γ + tγ + exp(t)) Φ(χ(t)) (27)

where γ > 0 is a parameter aimed at scaling the rate of
convergence.

Remark 5: Since the design parameter γ + tγ + exp(t)
is a power-exponent-type time-varying parameter, and the
designed model (27) is based on the theory of differential
equations. Therefore, (27) is defined as PET-VPNN model,
and its structure chart is shown in Figure 3. Note that the
PET-VPNN model (27) discussed in this paper is in the case
where time t ≥ 0 is limited.

Lemma 3: Moreover, activation function array Φ(·) is com-
posed of the monotonically increasing odd function group
φ(·), which aims to improve convergence performance of
the PET-VPNN model (27). Generally, different forms of
activation functions have different enhancement effects on the
convergence speed.

Therefore, different types of activation functions have been
widely used to greatly improve the convergence performance.
For instance, Zhang et al. [44] observed six commonly
used activation functions, and verified that the Sinh-type
φ(χi) = (exp(χi)− exp(−χi))/2 and Tunable-type φ(χi) =
sgnε(χi) + sgn(χi) + sgn1/ε(χi) have excellent performance
compared with other activation functions. Furthermore, Xiao
et al. [45] found that the term sgnε plays a key role in
the convergence, while the other items sgn and sgn1/ε are
relatively redundant in the convergence.

Remark 6: Based on the above analysis, this paper is
dedicated to modifying the structure of Sinh-type and Tunable-
type activation functions, and designing a novel Sinh-tunable-
type activation function with a simpler structure to enhance
the convergence performance of the model (27). The Sinh-
tunable-type activation function is expressed as follows:

φ (χi) = sigσ(χi) + σ(exp(χi)− exp(−χi)), (28)

Fig. 4. Simulation of using PET-VPNN model (27) to solve the improved
FCOCM scheme (17) for coordinated motion of the dual-arm robot

with σ ≥ 0, where sigσ(·) is defined as

sigσ(·) =

 | · |
σ, if · > 0

0, if · = 0
−| · |σ, if · < 0

(29)

where χi and φ (χi) denote the i-th element of the error
function χ and the activation function array Φ (χ) respectively.

Substituting the error function (26) into the negative time
derivative formula (27), the implicit dynamic equation can be
expressed as

P ẏ =− Ṗ y − (γ + tγ + exp(t)) Φ(Py −Q) + Q̇ (30)

Remark 7: The steps of using the PET-VPNN model (27)
to solve the improved FCOCM scheme (17) of the dual-arm
robot coordinated motion control are as follows: First, the task
conditions of dual-arm robot coordinated motion operation are
given. Then, initialize all parameters including γ, k, K and σ.
Next, the theoretical solution y(t) is generated according to the
implicit dynamic equation (30) of the PET-VPNN model (27).
Finally, the dual-arm robot is driven by the control command
in the theoretical solution to achieve coordinated motion tasks.

IV. SIMULATION AND PHYSICAL EXPERIMENT

In this section, the ’Cobot’ dual-arm robot is used as an
experimental platform to implement the proposed improved
FCOCM scheme (17). DH parameters of the dual-arm robot
can be obtained from the kinematics model in Figure 2,
as shown in Table 2. Moreover, the physical constraints of
the dual-arm robot are shown in Table 3. Furthermore, the
advantages of the PET-VPNN model (27) are proved through
the simulation of cooperative tracking path of the dual-arm
robot and the assembly experiment of the dual-arm robot.

A. Starfish-path tracking example

Parameters are set as follows: αL/R = βL/R = ηL/R = 0.2,
δ = 20, κ1 = 20I , κ2 = 20I , K = 6I , k = 6, γ = 10, σ = 6.

The initial joint angle and initial joint angular velocity are:
θL/R(0) = [1.670, 2.845,−3.218, 4.182,−1.715,−2.655]Trad,
θ̇L/R(0) = [0, 0, 0, 0, 0, 0]Trad/s.

Note that the joint angle drift and position errors in all tables
in this section are taken as an example of the right arm.
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Fig. 5. Residual errors of the PET-VPNN model (27) with the design
parameter γ = 1, 5, 10 and different activation functions (AFlinear, AFpower,
AFb-sigmoid, AFsinh, AFsbp, AFtunable and AFsinh-tunable) in solving the
improved FCOCM scheme (17).

Fig. 6. Final state and initial state for the coordination motion task of tracking
butterfly path with or without considering joint angle drift feedback, i.e., k =
0 and k = 6 (a)-(b) right manipulator, (c)-(d) dual-arm robot

Figure 4 shows the improved FCOCM scheme (17) of the
coordinated motion of the dual-arm robot using the PET-
VPNN model (27) to track the butterfly-path. Figure 4 (a)-
(b) show the configuration changes of the left and right
manipulators during the coordinated motion of the dual-arm
robot. Moreover, they also show that the actual trajectory
projected by PET-VPNN model (27) is in good agreement
with the expected trajectory, thus proving that the coordinated
motion control of the dual-arm robot can be well achieved
well. Figure 4 (c)-(f) respectively show that the joint angle
and joint angular velocity of the dual-arm robot are finally
maintained at their initial values, which indicates that the PET-
VPNN model (27) solves the redundancy resolution and avoids
the joint angle drift phenomenon of the dual-arm robot. It is
obtained that the joint angle and joint angular velocity of the
dual-arm robot conform to the physical constraints during the
butterfly path tracking. Furthermore, it can be concluded that
the PET-VPNN model (27) satisfies the physical constraints
of the dual-arm robot satisfactorily.

1) Verification of the Sinh-tunable type activation function:
Figure 5 illustrates the convergence performance of the PET-
VPNN model (27) when seven types of activation functions
are used to solve the improved FCOCM scheme (17), and
further verifies the versatility of these excitation functions in
practical applications. It can be seen from the state curve
of the model that using various types of activation functions
can eventually converge to the theoretical solution. Moreover,

Fig. 7. Expect trajectory and actual trajectory with the scheme without real-
time trajectory feedback and the improved FCOCM scheme (17)

Fig. 8. Position errors in solving the improved FCOCM scheme (17) by the
PET-VPNN model (27), VPNN model (32) [44] and ZNN model (31) [39],
where ex, ey and ez represent the position error of the x-axis, y-axis and
z-axis respectively (right manipulator)

among them, the Sinh-tunable activation function proposed in
this paper has excellent convergence performance. Therefore,
when γ is a fixed value, compared with other activation
functions, the Sinh-tunable type activation function has the
shortest convergence time and the smallest residual error. In
summary, the Sinh-tunable activation function proposed in this
paper has significantly better convergence performance than
other activation functions when dealing with TVQP problems.

2) Verification of parameters γ, k and K: In the PET-
VPNN model (27) and the improved FCOCM scheme (17),
the parameters γ, k and K will affect the convergence velocity
of residual errors, the performance of real-time trajectory
feedback and the performance of remedying joint angle drift
phenomenon respectively.

To further analyze the relationship between the convergence
performance and the design parameter γ, Figure 5 shows the
variation of the residual error over time for the RMP scheme
(16) when γ has different values, i.e., γ = 1, 5, 10. It can
be seen that with the increase of γ, the residual error and
convergence time of the PET-VPNN model (27) with different
excitation functions will decrease. Therefore, the value of γ
has an enhanced effect on the convergence performance of the
PET-VPNN model (27). In practical application, the value of
γ in the model can be appropriately increased to accelerate the
convergence speed and improve the convergence performance.

Furthermore, this section observes the influence of these
parameters on the position error of the end-effector, joint
angle drift phenomenon and convergence time of the residual
error through experiments of the right manipulator. The main
idea of the experiment is to change the value of one of
parameters, and make the others fixed, so as to carry out
the verification simulation of the JADF criterion, the time-
varying parameter and the trajectory feedback. ‖θ(5)−θ(0)‖2
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TABLE IV
WHEN THE PARAMETER γ IS DIFFERENT, σ = 6, K = 6I AND k = 6, THE CONVERGENCE PERFORMANCE OF THE PET-VPNN MODEL (27), THE VPNN

MODEL (32) [44] AND THE ZNN MODEL (31) [39]

γ 1 2 3 4 5 10 15 20
ZNN model 8.9080× 10−6 8.8286× 10−6 8.7517× 10−6 8.6776× 10−6 8.6056× 10−6 8.3388× 10−6 7.9917× 10−6 7.6958× 10−6

‖θ(5)− θ(0)‖2(rad) VPNN model 8.913× 10−7 8.8250× 10−7 8.7493× 10−7 8.6941× 10−7 8.6498× 10−7 7.8879× 10−7 7.1059× 10−7 6.6223× 10−7

PET-VPNN model 8.692× 10−8 8.311× 10−8 7.599× 10−8 6.497× 10−8 5.143× 10−8 9.249× 10−9 7.924× 10−9 5.307× 10−10

ZNN model 3.1482× 10−6 3.1144× 10−6 3.0887× 10−6 3.0656× 10−6 3.0412× 10−6 2.9505× 10−6 2.8396× 10−6 2.7380× 10−6∫ 5
0

√
χ2
x + χ2

y + χ2
zdt(m) VPNN model 3.8928× 10−7 3.1253× 10−7 3.0929× 10−7 3.0600× 10−7 3.0527× 10−7 2.8741× 10−7 2.5901× 10−7 2.3849× 10−7

PET-VPNN model 3.0727× 10−8 2.9322× 10−8 2.7109× 10−8 2.3285× 10−8 1.8831× 10−8 2.8387× 10−10 6.9213× 10−11 1.313× 10−12

ZNN model 2.486 1.518 1.754 1.912 2.420 2.072 2.155 2.161
Computation time (s) VPNN model 1.389 1.202 1.414 1.279 1.295 1.698 1.684 1.772

PET-VPNN model 1.077 0.927 0.994 1.161 1.208 1.334 1.237 1.109

TABLE V
WHEN THE PARAMETER K IS DIFFERENT, k = 6, γ = 6 AND σ = 6, THE CONVERGENCE PERFORMANCE OF THE PET-VPNN MODEL (27)

K 1I 5I 10I 20I 50I 100I 200I 500I

‖θ(5)− θ(0)‖2(rad) 1.2143× 10−7 5.2082× 10−8 1.0006× 10−9 9.1859× 10−10 1.1442× 10−10 1.0822× 10−10 9.7990× 10−11 7.7591× 10−11∫ 5
0

√
χ2
x + χ2

y + χ2
zdt(m) 5.0537× 10−8 1.3954× 10−9 3.9544× 10−10 2.8754× 10−10 1.7068× 10−10 9.4766× 10−11 3.9760× 10−11 1.1239× 10−11

Computation time (s) 1.742 1.198 1.254 1.232 1.225 1.414 1.156 1.207

TABLE VI
WHEN THE PARAMETER k IS DIFFERENT, K = 6I , γ = 6 AND σ = 6, THE CONVERGENCE PERFORMANCE OF THE PET-VPNN MODEL (27)

k 1 5 7 10 15 20 50 100
‖θ(5)− θ(0)‖2(rad) 1.2165× 10−7 4.2156× 10−8 2.6324× 10−8 5.2973× 10−9 3.2786× 10−9 1.4468× 10−9 7.4571× 10−10 1.5411× 10−10∫ 5

0

√
χ2
x + χ2

y + χ2
zdt(m) 5.0056× 10−9 2.4509× 10−9 1.0002× 10−9 2.9851× 10−10 9.9001× 10−11 4.8423× 10−11 2.9021× 10−11 1.9531× 10−11

Computation time (s) 1.442 1.008 1.082 1.206 1.341 1.211 1.135 1.009

Fig. 9. Residual errors in solving the improved FCOCM scheme (17) by the
PET-VPNN model (27), VPNN model (32) [44] and ZNN model (31) (right
manipulator)

TABLE VII
JOINT ANGULAR DRIFTS WHEN THE ANGLE DRIFT IS CONSIDERED (k = 6)

AND THE ANGLE DRIFT IS NOT CONSIDERED (k = 0)

Joint-angular-drifts (rad) k = 0 k = 6

θ1(5)− θ1(0) 6.8451× 10−4 8.6596× 10−9

θ2(5)− θ2(0) −1.8874× 10−3 9.5031× 10−9

θ3(5)− θ3(0) 1.1384× 10−3 1.8781× 10−8

θ4(5)− θ4(0) 4.1736× 10−3 1.5041× 10−8

θ5(5)− θ5(0) −1.4797× 10−3 1.3906× 10−8

θ6(5)− θ6(0) 1.3686× 10−3 6.6306× 10−10

‖θ(5)− θ(0)‖2 5.1777× 10−3 3.6521× 10−8

and
∫ 5

0

√
χ2
x + χ2

y + χ2
zdt denote the joint angular drift and

integral absolute value of the position error, respectively. Table
4-6 further proves that within the appropriate range, the greater
the values of parameters γ, k and K, the stronger the nonlinear
mapping capability of the PET-VPNN model (27) is obtained.

TABLE VIII
POSITION ERRORS WHEN REAL-TIME TRAJECTORY FEEDBACK IS

CONSIDERED AND THE FEEDBACK IS NOT CONSIDERED

Error (m · s) K = 6I K = 0∫ 5
0 |χx|dt 1.5979× 10−9 2.8653× 10−7∫ 5
0 |χy| dt 9.9742× 10−10 1.9015× 10−7∫ 5
0 |χz| dt 2.2862× 10−9 3.7475× 10−7

TABLE IX
POSITION ERRORS OF THE PET-VPNN MODEL (27), THE VPNN MODEL
(32) [44] AND THE ZNN MODEL (31) [39] WHEN γ = 6, σ = 6, k = 6

AND K = 6I

Error (m · s) PET-VPNN model VPNN model ZNN model∫ 5
0 |χx| dt 1.5979× 10−9 4.2776× 10−7 2.1760× 10−5∫ 5
0 |χy| dt 9.9742× 10−10 3.2878× 10−7 6.6613× 10−6∫ 5
0 |χz| dt 2.2862× 10−9 1.1953× 10−6 1.2146× 10−5

3) Verification of the JADF criterion: In order to verify
the effectiveness of the JADF criterion (9), the coordination
motion task of tracking butterfly path was completed with or
without considering joint angle drift feedback, i.e., k = 0 and
k = 6 respectively. In Figure 6 (a) and (c), although the end-
effector tracks the expected path well, since k = 0, the joint
angle drift phenomenon is not considered, resulting in the final
state of joint angles not returning to the initial state. Therefore,
in this case, the joint angle drift phenomenon occurs, and the
accuracy of the cyclic movement will be greatly affected. As
shown in Figure 6 (b) and (d), under the condition of k = 6,

This article has been accepted for publication in IEEE Transactions on Cognitive and Developmental Systems. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TCDS.2022.3182534

© 2022 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: Shenyang Institute of Automation. Downloaded on June 15,2022 at 03:05:10 UTC from IEEE Xplore.  Restrictions apply. 



10 IEEE TRANSACTIONS ON COGNITIVE AND DEVELOPMENTAL SYSTEMS, VOL. *, NO. *, * 2021

Fig. 10. Coordinated motion simulation of dual-arm robot ((a)-(d) coordinated drawing, (e)-(l) pick and place, (m)-(p) peg in hole).

TABLE X
WHEN CONSIDERING AND NOT CONSIDERING FEEDBACK, γ = 6, σ = 6, AND k = 6, JOINT-ANGULAR-DRIFTS OF THE PET-VPNN MODEL (27), THE

VPNN MODEL (32) [44] AND THE ZNN MODEL (31) [39]

Joint-angular-drift (rad) Improved scheme & PET-VPNN model Improved scheme & VPNN model Improved scheme & ZNN model JADF & PET-VPNN model JADF & VPNN model JADF & ZNN model
θ1(5)− θ1(0) 8.6596× 10−10 9.3454× 10−8 4.9202× 10−5 6.9264× 10−7 1.1450× 10−5 −1.2226× 10−3

θ2(5)− θ2(0) 9.5031× 10−10 2.9069× 10−7 3.3749× 10−5 9.5723× 10−7 3.5552× 10−5 −1.2743× 10−4

θ3(5)− θ3(0) 1.8781× 10−9 3.6452× 10−8 7.8170× 10−6 1.8829× 10−7 2.6478× 10−6 1.9604× 10−4

θ4(5)− θ4(0) 1.5041× 10−9 1.2553× 10−8 1.3609× 10−5 1.5131× 10−7 8.0372× 10−7 1.6131× 10−4

θ5(5)− θ5(0) 1.3906× 10−9 6.0397× 10−8 1.4715× 10−6 1.3969× 10−7 6.8921× 10−6 2.1260× 10−4

θ6(5)− θ6(0) 6.6306× 10−10 2.3351× 10−8 3.2943× 10−6 6.6737× 10−8 2.4885× 10−6 7.4065× 10−5

‖θ(5)− θ(0)‖2 3.6521× 10−8 8.5016× 10−7 8.5358× 10−6 1.2159× 10−6 3.8163× 10−5 1.2731× 10−3

Computation time (s) 1.308 1.584 1.450 1.560 1.568 1.436

when the dual-arm robot completes the trajectory tracking task,
the final state of joints can be in good agreement with the
initial state. Furthermore, it can be proved that JADF criterion
(9) can effectively solve the joint angle drift phenomenon.
Meanwhile, Table 7 lists in detail the more specific joint angle
drift between the final state and the initial state when the
dual-arm robot completes the trajectory tracking task under
the conditions of k = 0 and k = 6, respectively. It can be
seen from Table 7 that the joint angle drift when k = 6 is
much smaller than the value when k = 0.

4) Verification of the real-time trajectory feedback-
considered criterion: In order to verify the effectiveness of the
real-time trajectory feedback-considered criterion, the coordi-
nation motion task of tracking butterfly path was completed
with or without considering real-time trajectory feedback, i.e.,
K = 0 and K = 6 respectively. The scheme without real-time
trajectory feedback and improved FCOCM scheme (17) with
real-time trajectory feedback are compared. In the comparative
experiment, except for the feedback gain matrix (i.e., K), other
parameters are set to the same. Figure 7 (a)-(b) respectively
show the expected trajectory and the actual trajectory with
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TABLE XI
CONVERGENCE PERFORMANCE OF THE PET-VPNN MODEL (27), THE VPNN MODEL (32) [44] AND THE ZNN MODEL (31) [39] WHEN σ = 6, k = 6

AND K = 6I

Solver PET-VPNN model VPNN model ZNN model
γ = 1 γ = 100 γ = 1 γ = 100 γ = 1 γ = 100

θ1(5)− θ1(0)(rad) −4.6382× 10−9 −1.6411× 10−11 5.2812× 10−7 −8.8291× 10−9 −6.2886× 10−6 1.4114× 10−6

θ2(5)− θ2(0)(rad) −4.2439× 10−9 −8.5709× 10−13 6.4404× 10−7 −3.5215× 10−8 −6.6578× 10−6 3.3197× 10−6

θ3(5)− θ3(0)(rad) −6.0235× 10−10 9.7486× 10−12 5.4811× 10−8 −1.1262× 10−8 1.8018× 10−6 5.4742× 10−7

θ4(5)− θ4(0)(rad) 1.0652× 10−9 −1.3223× 10−12 4.0343× 10−8 3.7716× 10−9 −1.7727× 10−7 5.8626× 10−7

θ5(5)− θ5(0)(rad) 3.7632× 10−10 −4.7584× 10−12 4.2103× 10−8 9.2292× 10−9 4.1412× 10−8 8.3863× 10−7

θ6(5)− θ6(0)(rad) −3.4582× 10−10 2.6595× 10−12 −2.1025× 10−8 4.2077× 10−9 8.0921× 10−8 9.6992× 10−8

‖θ(5)− θ(0)‖2(rad) 8.6923× 10−8 1.9914× 10−11 8.9129× 10−7 1.9914× 10−8 8.9080× 10−6 1.6620× 10−6∫ 5
0 |χx|dt(m · s) 2.0939× 10−9 6.7758× 10−11 2.4900× 10−7 4.0241× 10−9 3.0686× 10−5 5.9970× 10−6∫ 5
0 |χy| dt(m · s) 2.8217× 10−10 4.9673× 10−11 4.5981× 10−8 3.3755× 10−9 5.8557× 10−6 1.2938× 10−7∫ 5
0 |χz| dt(m · s) 1.6160× 10−9 2.9337× 10−12 2.7812× 10−7 4.4131× 10−8 3.1725× 10−5 8.6531× 10−7

Fig. 11. Dual-arm robot experiment platform

the scheme without real-time trajectory feedback and the
improved FCOCM scheme (17). It is obvious that the actual
trajectory under improved scheme (17) is very consistent with
the expected trajectory. On the contrary, when feedback is not
considered, the actual trajectory cannot match the expected
trajectory. Table 8 lists the specific integral absolute value of
the position error of the scheme without considering feedback
and the improved scheme (17) with considering feedback
respectively. It is further shown that the residual error of each
dimension of the improved FCOCM scheme (17) is much
smaller than that of the scheme without considering feedback.
Moreover, Table 5 and Table 10 also show that the joint
angle drift phenomenon of the improved scheme (17) is much
smaller than that of the scheme without considering feedback.

5) Comparisons among PET-VPNN model, VPNN model
and ZNN model: To lay the foundation for further research
and comparison, the classic ZNN model [39] and the VPNN
model [44] are proposed.

Thus, the implicit dynamic equations of the classic ZNN
model [39] and the VPNN model [44] are respectively ex-
pressed as follows:

P ẏ = −Ṗ y − γΦ(Py −Q) + Q̇ (31)

P ẏ = −Ṗ y − (γ + tγ)Φ(Py −Q) + Q̇ (32)

where the parameters of the ZNN model (31) [39] and the
VPNN model (32) [44] are the same as the PET-VPNN
implicit dynamic equation (30).

For the convenience of comparison, this section sets the
VPNN model (32) [44] and ZNN model (31) [39] to simulate
under the same conditions as above. As can be seen from
Figures 8-9, position errors and the residual error of the PET-
VPNN model (27) are exponentially smaller than those of
the ZNN model (31) [39] and the VPNN model (32) [44].
Moreover, it can be further concluded that the PET-VPNN
model (27) has a faster convergence rate, and its convergence
performance is much higher than other models. Table 9 further
confirms that the position error of the PET-VPNN model (27)
is several orders of magnitude smaller than that of the VPNN
model (32) [44] and the ZNN model (31) [39]. Specifically,
Table 10 lists the joint angle drift of the three models. It can
be seen that the joint angle drift of the PET-VPNN model
(27) is much smaller than that of the VPNN model (32) [44]
and the classic ZNN model (31) [39]. Further comparison in
Table 11 shows that under different γ, the position error and
joint angle drift of the PET-VPNN model (27) are several
orders of magnitude smaller than the results of the VPNN
model (32) [44] and the ZNN model (31) [39] in each
dimension. By contrast, the convergent parameter γ in PET-
VPNN model (27) only needs to be set to a small value to
achieve excellent high-precision optimization. In conclusion,
the comparison results verify the effectiveness and accuracy of
the proposed improved FCOCM scheme (17) for the dual-arm
robot tracking complex end-effector tasks simultaneously and
cooperatively. Moreover, the PET-VPNN model (27) presented
in this paper has more satisfactory convergence performance
than the VPNN model (32) [44] and the ZNN model (31) [39].

B. Implementation & verification

For better visualization, this paper inputs the joint
angles calculated by PET-VPNN model (27) into the upper
controller of the dual-arm robot and uses V-REP software
for simulation. In simulations, the parameter settings are as
follows: αL/R = βL/R = ηL/R = 0.2, δ = 20, κ1 = 20I ,
κ2 = 20I , K = 6I , k = 6, γ = 10, σ = 6. The initial
conditions of the dual-arm robot are:
θL(0) = [0.223,−0.349,−0.438, 1.456,−1.525,−0.918]Trad,
θR(0) = [0.206,−0.185, 0.218, 0.446, 1.919,−1.641]Trad,
θ̇L/R(0) = [0, 0, 0, 0, 0, 0]Trad/s.
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Fig. 12. Dual-arm robot assembly experiment

Fig. 13. Joint angles of the left and right arms of the dual-arm robot in the
assembly experiment

Specifically, in the simulation, two examples of complex
and decoupled cooperative motion planning of the dual-arm
robot are shown in detail, i.e., coordinated drawing simulation
(as shown in Figure 10 (a)-(d)) and coordinated assembly
simulation (as shown in Figure 10 (e)-(p)). In the cooperative
assembly task and the cooperative drawing task, the trajectory
of the end-effector of the dual-arm robot needs to be input
into the improved scheme (17) scheme in advance to solve
the inverse kinematics using the PET-VPNN model (27). In
these tasks, the two arms of the dual-arm robot are actuated
sequentially at the same time, which requires careful coordi-
nation to complete all strokes. It can be seen from Figure 10
that the PET-VPNN model (27) used to solve the improved
scheme (17) for the coordinated motion control of a dual-arm
robot is satisfactory.

Moreover, this paper also conducts the physical experiment
on the dual-arm robot to illustrate the performance of the
PET-VPNN model (27) in solving coupled coordinated motion

control of dual-arm robots. The experimental platform of the
dual-arm robot is shown in Figure 11, which is composed of
two 6-DOF manipulators, end-effectors and the controller. In
the experiment, the initial conditions of the dual-arm robot
are:
θL(0) = [0.706, 1.616,−0.782, 0.946,−2.081,−2.641]Trad,
θR(0) = [0.723, 2.851, 0.562, 0.756,−2.525,−2.118]Trad,
θ̇L/R(0) = [0, 0, 0, 0, 0, 0]Trad/s.

Moreover, the parameters in the experiment are the same
as those in the above simulation based-V-REP software. The
upper controller outputs the joint angle calculated by using
the PET-VPNN model (27) to the actuator of the dual-arm
robot, so that the dual-arm robot completes the coordinated
motion operation, as shown in Figure 12. Figure 13 shows the
joint angles of the left manipulator and the right manipulator
of the dual-arm robot in the assembly experiment. It can be
concluded that the dual-arm robot can complete the coopera-
tive motion task while meeting the physical constraints. The
experimental results prove that the dual-arm robot can perform
coordinated motion tasks well, which further confirms the
effectiveness and universality of the PET-VPNN model (27)
in practical.

Overall, the simulation and experiment verify that the PET-
VPNN model (27) has satisfactory convergence performance,
and further prove the effectiveness, accuracy, safety and ap-
plicability of the improved FCOCM scheme (17) proposed in
this paper for coordinated motion control and coupled path
planning of dual-arm robots.

V. CONCLUSION

Coordination motion control of a dual-arm robot is inves-
tigated in this paper. In order to address the coordination
constraints and physical constraints subjected to the dual-
arm robot simultaneously , an improved FCOCM scheme is
proposed, which combines four optimization criteria, namely,
the RMP, MVN, MM and INVM. The proposed scheme can
remedy discontinuity in the INVM scheme, eliminate joint
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angular drift phenomenon, prevent the high joint angular
velocity and maximize manipulability, thereby improving the
motion efficiency and ensuring safety and accuracy in the
process of tasks. Besides, this scheme also considers real-time
trajectory feedback, satisfies physical constraints, and ensures
that the joint angular velocity is zero at the end of tasks.
Furthermore, the improved scheme is solved by a novel PET-
VPNN model proposed in this paper. A Sinh-tunable type non-
linear activation function which achieves better convergence
performance is proposed for the first time. Compared with
other schemes, the proposed scheme can adjust the weights
of four optimization criteria according to task requirements,
which has stronger adjustability and flexibility, and can better
meet the task requirements and complete tasks with perfect
performance. Simulations and experiment are presented to
verify the superiority of the proposed coordination motion
control method. This research is of great significance for the
coordination motion control of dual-arm robots in complex
path planning tasks. Future work will consider adding multi-
sensor feedback and multi-indicator optimization.
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