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Data-Driven Motion-Force Control Scheme
for Redundant Manipulators:

A Kinematic Perspective
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and Yu Zheng , Senior Member, IEEE

Abstract—Redundant manipulators play a critical role in
industry and academia, which can be controlled from the
kinematic or dynamic perspective. The motion-force control
of redundant manipulators is a core problem in robot con-
trol, especially for the task requiring keeping contact with
objectives, such as cutting, polishing, deburring, etc. How-
ever, when a manipulator’s model structure is unknown, it
is challenging to take motion-force control of redundant
manipulators. This article proposes a data-driven-based
motion-force control scheme, which solves the motion-
force control problem from the kinematic perspective. The
scheme can take effect and estimate the structure informa-
tion, i.e., the model parameters involved in the forward kine-
matics when the structure of the manipulator is incomplete
or unknown. A recurrent neural network is devised to find
the solution to the scheme. Besides, the theoretical analy-
sis is presented to prove the correctness of the scheme.
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Simulations and physical experiments running on seven
degrees of freedom redundant manipulators illustrate the
superb performance and practicability of the scheme intu-
itively. The key contribution of this article is that, for the first
time, a motion-force control scheme aided with data-driven
technology is proposed from a kinematic perspective for
the redundant manipulators.

Index Terms—Data driven, kinematic control, motion-
force control, recurrent neural network (RNN), redundant
manipulators.

I. INTRODUCTION

R EDUNDANT manipulators are one of the most widely
used robots in the industrial and academic fields. Com-

pared to conventional industrial robots, redundant manipulators
have more degrees of freedom (DOF) than the given task re-
quired. The extra DOFs can be utilized to fulfill the secondary
tasks, such as obstacle avoidance, singularity avoidance, mini-
mizing the system energy consumption [1], etc., but also increase
the difficulty of finding the efficient control resolution.

Motion control and force control are two different aspects of
manipulator control. Motion control assumes that the robot has
no touch with the object in the workspace, which means that
the robot will precisely move along the predefined trajectory.
Hence, motion control’s core problem is calculating the real-
time control commands to drive the manipulator to move along
the predefined trajectory. The manipulator can be controlled
in the joint and Cartesian spaces from the angular, velocity,
or acceleration perspectives [2], [3]. In recent years, there are
plenty of meaningful works on the motion control of redundant
manipulators. Zhang and Yan [4] investigate the motion plan-
ning problem of redundant manipulators from an optimization
perspective. The control problem is finally transformed into a
quadratic programming (QP) problem, which is solved by a
varying parameter recurrent neural network [4].

By contrast, force control is different from the motion control
of the manipulator. When using force control, there is a direct
interaction between the object and the manipulator. Thus, the
contact force will be adjusted by measuring the contact force
between the manipulator and the environment. The applications
of force control in the industry can be cutting [5], polishing [6],
deburring [7], etc.
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Fig. 1. Schematic of a simple motion-force control of the Dobot Magi-
cian manipulator.

Hybrid motion-force control is usually a more feasible ap-
proach in many practical applications compared to the single
control scheme. For example, under the circumstance of pure
motion control, once the robot encounters obstacles during its
movements, the position tracking error will increase dramati-
cally. At this point, the manipulator will attempt to track the
desired trajectory, which may eventually cause a substantial in-
ternal force between the manipulator and the obstacle and cause
damage to the manipulator or internal components. However, in
the condition of motion-force control, one of the task’s goals is to
control the force between the manipulator and obstacles. When
the manipulator encounters an obstacle, it intelligently adjusts
the preset position trajectory to eliminate internal forces. There
have been plenty of studies on motion-force control in the past
few years. In [8], a novel adaptive control method based on the
admittance model is presented for the cooperative control of
multiple manipulators to transport an object along a predefined
trajectory. The resolution is built on a dynamic perspective with
robot kinematics consideration, which can be seen as the hybrid
motion-force control.

Although the works mentioned above have made great success
in motion-force control of manipulators, their research mainly
focuses on the dynamic perspective. In recent years, dealing with
motion-force control problems from a kinematic perspective
based on the idea of admittance control has become increasingly
prevalent [9]. Especially in the practical applications that are
not necessary to control the contact force in all directions, like
polishing and assembly. For example, Fig. 1 describes a motion-
force control scenario that the force control works in a direction
perpendicular to the object plane, where there is a constant
pressure. While in the direction parallel to the object plane, the
primary purpose is to ensure that the manipulator’s trajectory
obeys the predefined path. Xu et al. [9] present a motion-force
control scheme from a kinematic perspective, which means that
the force on the end-effector is generated by the end-effector
displacement during the kinematic control. In the meantime,
physical constraints and torque optimization are incorporated
into the scheme, and the control problem is finally turned into
a QP problem [9]. Considering the motion-force control of
manipulators from a kinematic perspective is rarely studied and

worthy of further study, this article aims at finding a kinematic
resolution to address the motion-force control problem. Besides,
in many realistic scenarios, the manipulators’ parameters during
the control are potentially inaccurate or unknown, making the
control of the manipulator challenging. An effective method for
dealing with this problem is utilizing the known information to
estimate the required parameters online. Li et al. [10] present a
model-free dual network for addressing the redundancy resolu-
tion of manipulators, and no prior knowledge of the manipulator
is required.

Considering that most existing works on motion-force control
of the manipulator require structure information, this article
proposes a data-driven-based motion-force control (DDMFC)
scheme for redundant manipulators from a kinematic perspec-
tive. In the meantime, physical constraints and end-effector
orientation maintenance are taken into account with practical
application requirements. Besides, a recurrent neural network
(RNN) is devised to find the DDMFC scheme’s solution, simul-
taneously solving learning problems and control problems.

The rest of this article is organized as follows. Section II
introduces the redundant manipulator’s fundamental kinematic
conceptions and gives a brief introduction of the data-driven
learning formula. In Section III, a generalized motion-force
control problem is set up and formulated, and the RNN based
method is presented. In Section IV, the DDMFC scheme is
finally devised, with the combination of learning and control
parts, and then, the corresponding theoretical analysis proves
the feasibility of the proposed scheme. Simulation results, phys-
ical experiments, and comparisons of the DDMFC scheme are
presented in Section V.

Finally, Section VI concludes this article. Before ending this
section, the main contributions of this article are summarized as
follows.

1) For the first time, the motion-force control problem of the
redundant manipulator is investigated from a kinematic
perspective with the manipulator’s structure unknown,
and the DDMFC scheme is formulated.

2) For protecting the manipulator and realistic application
requirements, the physical constraints and end-effector
orientation maintenance are considered in the scheme.

3) By applying the DDMFC scheme to seven-DOF manip-
ulators, the scheme’s correctness and effectiveness are
proved, and the comparisons with other controllers also
demonstrate the novelty of the proposed scheme.

II. PRELIMINARIES

The coordinate transformation from joint space to Cartesian
space of a manipulator is usually called the forward kinemat-
ics problem. The D-H parameters describe the manipulator’s
structure, which is exploited by researchers for generalizing the
forward kinematics of the manipulator. The coordinate trans-
formation of a redundant manipulator from the joint coordinate
q ∈ Ra to the Cartesian coordinate p ∈ Rb(a > b) is described
as

Φ(q) = p (1)
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where Φ(·) is a nonlinear mapping describing the forward
kinematics, which is difficult to solve directly. Taking the time
derivative to both sides of (1) results in the following:

J(q)q̇ = ṗ (2)

where J(q) = ∂Φ(q)/∂q ∈ Rb×a is the Jacobian matrix of
Φ(·); q̇ and ṗ are the joint and end-effector velocities of the
manipulator, respectively. Hereto, the coordinate transformation
problem is converted to an affine system. Besides, manipulators
usually have physical limits during task execution in reality. To
protect the motors of the manipulator, the limits of the joint
position and velocity are considered simultaneously, which can
be written as

ζ−(t) ≤ q̇(t) ≤ ζ+(t) (3)

where ζ−(t) = max{q̇−, α(q− − q(t))} and ζ+(t) =
min{q̇+, α(q+ − q(t))}; q̇− and q̇+ represent the upper and
lower bounds of the joint velocity, respectively; q− and q+

represent the upper and lower bounds of the joint position,
respectively; α > 0 ∈ R is utilized to scale the feasible region
of q̇.

It is worth pointing out that the existing work is usually
based on the assumption that the structure information of the
manipulator is known, such as the D-H parameters in (1) and the
Jacobian matrix in (2). In this regard, when the parameters of a
manipulator are unknown, it is impossible to control it in accor-
dance with the above formula (2). Hence, this article endeavors
to investigate the motion-force control of a manipulator with
unknown model structure information, and the estimation of the
Jacobian matrix based on data-driven technology is presented as

J̃ q̇ = ¯̇p (4)

where J̃ represents the estimated Jacobian matrix; ¯̇p represents
the calculated results of actual end-effector velocity based on the
estimated Jacobian matrix. When J̃ approaches J or even equals
J , ¯̇p approximately equals ṗ. For obtaining an accurate estimate
of the Jacobian matrix, an error function ψ = ||¯̇p− ṗ||22/2 is
defined and minimized by the gradient descent method [11]
where || · ||2 represents the 2-norm of a vector. Taking the partial
derivative of the error function with respect to J̃ results in

� ˙̃J = −∂ψ

∂J̃
= −(¯̇p− ṗ)q̇T = (ṗ− J̃ q̇)q̇T (5)

where � is a teeny-tiny value, representing the step-size of each

iteration, and ˙̃J represents the derivative of J̃ . It can be seen from
(5) that the essence of data-driven technology lies in calculating
˙̃J by measuring the real-time actual joint velocity q̇ and actual

end-effector velocity ṗ. In addition, since (5) does not involve
the real Jacobian matrix J , it can be calculated without the real
structure information.

III. PROBLEM FORMULATION

In this section, the motion-force control problem of redundant
manipulators is formulated from the kinematic perspective. The
objective function is defined to minimize the norm of the joint
velocity for saving the energy consumption of the redundant

manipulator control. Keeping the position and orientation of
the end-effector and satisfying other physical constraints are
considered as secondary tasks. Furthermore, an RNN based
resolution is constructed.

A. Motion-Force Control Problem Formulation

Fig. 1 simply depicts a motion-control task on the Dobot
Magician manipulator. To achieve the task, one needs to control
the normal contact force, which is perpendicular to the object
plane. Simultaneously, the manipulator’s end-effector interacts
directly with the object, and the contact force is generated in
the direction perpendicular to the surface due to the object’s
deformation on the surface. Let se = p− pd be the displacement
of object’s surface in the end-effector coordinate system, where
pd is the desired end-effector position. The relation between the
contact force and the displacement can be written as

fe = ηΔse (6)

where η > 0 is the stiffness coefficient of the object surface; fe

represents the contact force in the end-effector coordinate sys-
tem;Δ = diag(0, 0, 1) decomposes the contact force along X, Y,
and Z axes. Without loss of generality, this article considers the
contact force along the Z-axis. Similarly, the position tracking
error in the end-effector coordinate system is written as

ee = Δ̄se (7)

where Δ̄ = I −Δ = diag(1, 1, 0), in which 1 and 0 represent
that the manipulator can and cannot move along the corre-
sponding direction, respectively. When the contact surface is
predefined, the contact force fe, the position tracking error ee,
and the displacement se can be transformed into the base coor-
dinate system by the rotation matrix R ∈ SO(3) as fb = RTfe,
eb = RTee, and sb = RTse, where fb, eb, and sb represent the
descriptions of fe, ee, and se with respect to the base coordinate
system, respectively. Then, fb and eb can be reformulated as [9]{

fb = ηRTΔRsb

eb = RTΔ̄Rsb
. (8)

Remark 1: Equation (8) describes the relationship of end-
effector displacement sb, contact force fb, and tracking error
eb in the base coordinate system. Besides, the contact force on
the end-effector is determined by both the stiffness coefficient η
and the displacement se, and finally decoupled by the diagonal
matrix Δ along different axes.

The end-effector error ee can also be decoupled by Δ̄, that is,
ee works on X- and Y-axes. When the contact force fd between the
end-effector and the object is specified in practical applications,
the control goal is to maintain fd on the object, and the position
tracking error ee should converge to zero, that is, fe → fd and
ee → 0. For the convenience of writing, (8) can be rewritten as

A(p− pd) = r (9)

in which A = [ηRTΔR;RTΔ̄R] ∈ R6×3, r = [fT
b , e

T
b ]

T, rd =
[fd; 0]. It can be found from (9) that the control objective of
manipulators is to let r → rd by adjusting the joint position q.
For saving the energy and keeping the manipulator stable during
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task execution, q̇Tq̇/2 is taken as the objective function, which
means that, the less value of the objective function is, the less
energy of the task consumes. Meanwhile, in many applications,
the end-effector’s orientation should keep constant when the
manipulator interacts with the object. For example, when the
manipulator executes a laser cutting task, the end-effector’s
orientation should be maintained with high accuracy. To this
end, the rotation matrix R should be invariable during the task,
which is presented as

R(t) = R(0) (10)

whereR = [a,b, c], anda = [a1, a2, a3]
T,b = [b1, b2, b3]

T,c =
[c1, c2, c3]

T represent the normal vector, orientation vector,
and approach vector, respectively. R(0) ∈ SO(3) and R(t) ∈
SO(3) represent the rotation matrix R at time 0 and time t,
respectively. Since the rotation matrixR is an orthogonal matrix,
once any two elements of each row or column are fixed, the row
or column vector will be determined as well. In this article, the
orientation vector is devised as follows:

w = [b2, b3, c2, c3]
T. (11)

Considering that this article investigates the manipulator control
problem on velocity level, taking the derivative of w results
in ẇ(0) = ẇ(t) = Hq̇ = 0, whereH = ∂w/∂q ∈ R4×n is the
Jacobian matrix of w[12]. In this case, the orientation of end-
effector keeps the initial state during the procession.

The physical constraints given by (3) are also taken into
consideration for protecting the manipulator. Combining the
abovementioned, we conclude the following scheme:

min q̇Tq̇/2 (12a)

s.t. rd = A(p− pd) (12b)

Hq̇ = 0 (12c)

q̇(t) ∈ Ω (12d)

where Ω = {q̇ ∈ Rn|ζ−(t) ≤ q̇ ≤ ζ+(t)}. To get the solution
of the scheme, the equality constraints (12b) need to be recon-
structed at the velocity level, because the mapping from joint
space to Cartesian space is usually nonlinear and difficult to solve
directly. To rewrite (12b), first, define a vector e = r − rd =
[fb − fd; eb], which unifies the force error and position error;
then, from (9), e can be written as e = A(p− pd)− rd. Taking
the derivation to both sides of the equation leads to

ė = A(J q̇− ṗd)− ṙd. (13)

To make sure that the error can converge to zero, a neural
dynamics design method ė = −ke is designed [13]; k > 0 is
a constant, and the equality constraints (12b) are transformed to
the velocity level based on (13). Finally, we derive

AJ q̇ = ṙd +A(ṗd − k(p− pd)) + krd. (14)

For presentation convenience, let W = ṙd +A(ṗd − k(p−
pd)) + krd, and then, (14) is rewritten as

AJ q̇ = W. (15)

Hereto, the scheme formulation for the motion-force control
problem of the redundant manipulator is finished.

B. RNN-Based Resolution

From (12) and the above discussions, the motion-force control
scheme at the velocity level is formulated as

min q̇Tq̇/2 (16a)

s.t. AJ q̇ = W (16b)

Hq̇ = 0 (16c)

q̇ ∈ Ω. (16d)

To solve the optimization problem (16), an RNN is designed as
follows. First, we establish a Lagrange function as

L = q̇Tq̇/2 + λT
1 (AJ q̇−W ) + λT

2Hq̇ (17)

where λ1 ∈ R2b and λ2 ∈ R4 are the Lagrange multipliers cor-
responding to equality constraints (16b) and (16c). Then, taking
the partial derivatives to q̇, λ1, and λ2 of (17), respectively, we
obtain

∂L

∂q̇
= q̇+ JTATλ1 +HTλ2 = 0 (18a)

∂L

∂λ1
= AJ q̇−W = 0 (18b)

∂L

∂λ2
= Hq̇ = 0. (18c)

It is worth mentioning that (18) is nonlinear, and difficult to solve
directly. Therefore, from (18) we derive an RNN in the form of
ordinary differential equation as

δq̈ = − q̇+ PΩ(−JTATλ1 −HTλ2) (19a)

δλ̇1 = AJ q̇−W (19b)

δλ̇2 = Hq̇ (19c)

where 0 < δ < 1 is used to regulate the convergence rate of
the RNN, and the inequality constraints (12d) are reconstructed
as a projection function PΩ(x) = arg miny∈Ω||x− y||2, which
guarantees the boundness of joint velocity. From the above dis-
cussions, an RNN for solving the motion-force control problem
is devised, maintaining the end-effector’s orientation subject to
the physical constraints, which has practical significance in real
scenarios.

IV. SCHEMES, RNN, AND THEORETICAL ANALYSIS

In this section, a DDMFC scheme is presented, which com-
bines a learning part and a control part. Besides, the RNN is
reconstructed for the DDMFC scheme. Finally, the theoretical
analysis is presented to prove the correctness of the scheme.

A. DDMFC Scheme

Revisiting that when the manipulator’s structure information
is unknown, the control of the manipulator will become tough.
Therefore, this article proposes the DDMFC scheme to address
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this problem. To establish the scheme, first, we replace the actual
Jacobian matrix J in (16d) with the estimated Jacobian matrix
J̃ in (5). Then, add (5) as a equality constraint of the scheme,
and the scheme is deduced as follows:

min q̇Tq̇/2 (20a)

s.t. AJ̃ q̇ = W (20b)

Hq̇ = 0 (20c)

� ˙̃J = (ṗ− J̃ q̇)q̇T (20d)

q̇ ∈ Ω. (20e)

It is worth mentioning that the structure of the redundant ma-
nipulator is estimated by learning law (20d), which calculates
the value of J̃ by measuring real-time end-effector velocities and
joint velocities. Hereto, the DDMFC scheme (20) is successfully
constructed.

B. Reconstruction of RNN

To find a solution to the scheme, both of the learning part
and the control part need to be considered. Combining the data-
driven solution (5) and motion-force control solution (19) results
in

δq̈ = −q̇+ PΩ(−JTATλ1 −HTλ2) (21a)

δλ̇1 = AJ̃ q̇−W (21b)

δλ̇2 = Hq̇ (21c)

� ˙̃J = (ṗ− J̃ q̇)q̇T. (21d)

Noting that there exists a special case that, if q̇, ṗ and J̃(0)
equal to zero at the initial state, the value of other variables in
(21) can be conducted immediately: J̃ = 0, λ̇1 = 0, λ̇2 = 0, and
q̈ = 0. The system will be in a dilemma that the input data and
the output data are zero all the time. To address the dilemma,
an independent identically distributed noise c whose standard
deviation is σ and 0 ≤ ||c|| ≤ c0 with c0 > 0 is added to the
joint velocity intentionally as the activation signal, with || · ||
being the 2-norm of a vector. Furthermore, q̇ polluted by c is
replaced with ¯̇q, and then the RNN is rewritten as

δ ¯̈q = − ¯̇q+ PΩ(−JTATλ1 −HTλ2) (22a)

δλ̇1 = AJ̃ ¯̇q−W (22b)

δλ̇2 = H ¯̇q (22c)

� ˙̃J = (J q̇− J̃ q̇)q̇T (22d)

q̇ = ¯̇q+ c with ||c|| ≤ c0. (22e)

C. Theoretical Analysis

In this part, to prove the feasibility of the DDMFC scheme
(20), the learning and control abilities of the RNN are analyzed,
respectively.

Theorem 1: When employing RNN (22) to solve the DDMFC
scheme (20), the corresponding estimation error of Jacobian

matrix approaches zero globally, and neural control law (18)
solves the motion-force control problem of redundant manipu-
lators with global convergence to a steady state.

Proof: For the learning and control abilities, we divide two
parts so as to explain separately.

Part one: the learning ability of the RNN (22).
The Jacobian error matrix can be represented as Ĵ = J̃ − J .

We can use Frobenius norm V = ||Ĵ ||2F /2 = tr(Ĵ ĴT)/2 with
tr(·) being the trace of a matrix to measure the estimation error
of Jacobian matrix. Taking derivate to both sides of V can obtain

V̇ = tr( ˆ̇JĴT)

= tr
(

1/�ĴT(ṗ− J̃ q̇)q̇T
)

= − tr
(

1/�ĴTĴ(¯̇q+ c)(¯̇q+ c)T
)

= − tr
(
(1/�Ĵ(¯̇q+ c))TĴ(¯̇q+ c)

)

= −1/�‖Ĵ(¯̇q+ c)‖2
F

≤ 0. (23)

Since V > 0 and V̇ ≤ 0, we let V̇ = 0 according to LaSalle’s
invariant principle [16] as

lim
t→∞ Ĵ(¯̇q+ c) = 0. (24)

Multiplying (¯̇q+ c)ĴT on both sides of (24,) we can compute
the expected value as

E
(
¯̇q+ c)TĴTĴ(¯̇q+ c)

)

= E
(
tr
(
ĴTĴ(¯̇q+ c)(¯̇q+ c)T

))

= tr
(
E
(
ĴTĴ ¯̇q¯̇qT

))
+ tr

(
E
(
ĴTĴ

)
E
(
ccT

))

+ tr
(
E
(
ĴTĴ ¯̇q

)
ET(c)

)
+ tr

(
E
(
¯̇qTĴTĴ

)
E(c)

)

= tr
(
E
(
¯̇qTĴTĴ ¯̇q

))
+ σ2 tr

(
E
(
ĴTĴ

))

= 0, as t → ∞ (25)

where E(·) stands for the mathematical expectation. Recall that
c is a identically distributed independent noise for whichE(c) =
ET(c) = 0, and tr(AB) = tr(BA) for any matrices A and B,
where tr(·) stands for the trace of a matrix. Thus, we can derive

tr(E(ĴTĴ)E(ccT)) = δ2 tr(E(ĴTĴ)) (26a)

tr(E(ĴTĴ ¯̇q)ET(c))) = 0 (26b)

trE(¯̇qTĴTĴ)E(c)) = 0. (26c)

Equation (26) is used in the derivation of (25). Considering that
tr(E(¯̇qTĴTĴ ¯̇q)) ≥ 0 and σ2 tr(E(ĴTĴ)) ≥ 0, we can deduce

tr(E(ĴTĴ)) = E(tr(ĴTĴ)) = E(||Ĵ ||2F ) = 0 as t → ∞.

Therefore, we have

J̃ − J → 0, as t → ∞. (27)
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Fig. 2. Time history of Jacobian matrix estimation errors when employing different values of the step-size � in the RNN (22). (a) With � = 10−4.
(b) With � = 10−5. (c) With � = 10−6.

Fig. 3. Computer simulations on employing the DDMFC scheme (20) aided with RNN (22) to control the KUKA iiwa manipulator for tracking a
tricuspid valve path. (a) Motion trajectory of the manipulator. (b) Real trajectory and desired trajectory of the endeffector. (c) Time history of the joint
velocities of the manipulator with upper bound q̇+ = 0.1 rad/s and lower bound q̇− = −0.1 rad/s. (d) Time history of joint angles. (e) Time history
of position errors. (f) Time history of contact force on the end-effector along the Z-axis.

Hereto, the proof of RNN’s learning ability is finished.
Part two: The control ability of the RNN (22): To prove the

control ability of the RNN, first, by substituting Ĵ = J̃ − J into
(22), the neural dynamics of q̈, λ̇1, and λ̇2 can be rewritten as

δq̈ = −q̇+ PΩ(−(J + Ĵ)TATλ1 −HTλ1) (28a)

δλ̇1 = A(J + Ĵ)q̇−W (28b)

δλ̇2 = Hq̇. (28c)

Considering that the convergence of Ĵ has been proved in
previous part, and according to LaSalle’s invariant principle, the
above formula can be rewritten as follows under the condition

Ĵ = 0:

δq̈ = −q̇+ PΩ(−JTATλ1 −HTλ2) (29a)

δλ̇1 = AJ q̇−W (29b)

δλ̇2 = Hq̇. (29c)

For the convenience of analysing, by defining a new variable
u = [q̇T,λT

1 ,λ
T
2 ]

T, thus, q̈, λ̇1, and λ̇2 are unified to the following:

δu̇ = −u+ PΩ̄(u−G(u)) (30)
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Fig. 4. Physical experiment platform.

where PΩ̄ = {(q̇,λ1,λ2), q̇ ∈ Ω ⊂ Ra,λ1 ∈ R2b,λ2 ∈
Rc, c = 4}, and G(·) is defined as

G(u) = G(q̇,λ1,λ2) =

⎡
⎣q̇+ JTATλ1 +HTλ2

W −AJ q̇
−Hq̇

⎤
⎦ . (31)

Furthermore, we have the property

∇G =
∂G(u)

∂u
=

⎡
⎣ I AJ H
−JTAT 0 0
−HT 0 0

⎤
⎦ (32)

and

∇G+∇GT =

⎡
⎣ 2I 0 0

0 0 0
0 0 0

⎤
⎦ (33)

where I represents an identity matrix. Since (33) is positive
semidefinite, from the mean-value theorem it follows that there
exists G(l)−G(m) = ∇G(n)(l −m) for any l, m, and n,
when n = γl + (1 − γ)m (0 < γ < 1). G(·) is a monotone
function conducted from the following:

(l −m)T(G(l)−G(m)) = (l −m)T∇G(n)(l −m) ≥ 0.
(34)

According to [14, Lemma 4], the state variable u in (30) is
Lyapunov stable and globally converges to u∗ = (¯̇q∗,λ∗

1,λ
∗
2)

satisfying the following:

(u− u∗)TG(u∗) ≥ 0, ∀u ∈ Ω̄. (35)

Furthermore, for any q̇ ∈ Ω, λ1 ∈ R2b, and λ2 ∈ R4 there exists

(¯̇q− ¯̇q∗)T(−JTATλ1 −HTλ2) + (λ1 − λ∗
1)

T(W −AJ ¯̇q)

+ (λ2 − λ∗
2)

T(−H ¯̇q) ≥ 0. (36)

Note that u in (30) converges to Ω̄, which means that u∗ in (35)
is in set Ω̄ as well. For convenience, let S = u− PΩ̄(u) and
design the Lyapunov function V1 = STS/2. Since V̇1 = Su̇ =
−ST(u− PΩ̄(u−G(u)))/δ ≤ 0, and when u ∈ Ω̄, there has
V̇1 = 0, from which we can draw the conclusion that the state

variables q̇, λ1, and λ2 of the RNN (22) can reach the stable
states. Thus, the proof is complete.

V. SIMULATIONS, PHYSICAL EXPERIMENTS,
AND COMPARISONS

In this section, simulations, physical experiments, and com-
parisons are presented to demonstrate the correctness, prac-
ticability, and innovation of the DDMFC scheme (20). First,
simulations are carried out on MATLAB and the MindSpore
framework, where the manipulator is given a path-tracking task
with the end-effector force maintenance as the target, which
means that the end-effector’s orientation is expected to be un-
changed. Then, physical experiments are conducted on a 7-DOF
redundant manipulator named Franka Emika Panda. Finally, the
DDMFC scheme (20) is compared with other controllers in the
existing studies, which investigates the redundant manipulator
from different perspectives.

A. Simulation Illustration

In the simulation, the scheme is carried out on the KUKA
iiwa manipulator, which has 7 DOFs. The D-H parameters of
the manipulator can be found in [15]. The manipulator is given
a tricuspid valve path-tracking task with a constant contact force
maintaining on the end-effector. The initial state of manipula-
tor’s joints is set to [0,−0.2, 0, 2.5, 0,−0.5, 0]T rad. The contact
force fd maintained by the end-effector is set to 0.1 N, and the
stiffness coefficient of the object is 100. In order to compare
the different performances in learning ability under different
step-size of the RNN (22), the � is set to 10−4, 10−5, and 10−6,
respectively. The initial value of λ1 and λ2 is generated by the
random number from 0 to 0.1; the value of the parameter δ
is set to 0.001; the joint velocity constraints of manipulator is
q̇+ = −q̇− = [0.5]7×1 rad/s.

Fig. 2 compares the learning ability when choosing different
values of �. Fig. 2(a) depicts the time history of the Jacobian
matrix estimation error that � is 10−4. It can be seen from
Fig. 2(a) that the estimation of the Jacobian matrix Ĵ has
enormous fluctuations during the task and is not convergent
to zero. Fig. 2(b) shows the enhancement of learning ability
when � is 10−5, but the estimation error still fluctuates in the
range of 0.1 and is not desirable. Fig. 2(c) shows the superior
learning ability with a fast convergent rate when � is 10−6, of
which the Jacobian matrix error converges to a tiny value within
10−3. From Fig. 2, it can be conducted that the learning ability is
improved with the decreasing of the step-size� in the RNN (22),
such that the real Jacobian matrix value is correctly estimated.

Subsequently, the control performance of the simulation ex-
periments is displayed. The value of the step-size� in the neural
network (22d) is set to 10−6, which can estimate the value of the
Jacobian matrix accurately. The simulation results are shown
in Fig. 3. As presented in Fig. 3(a), the manipulator’s joint
position fluctuates smoothly during the task. Fig. 3(b) displays
the actual trajectory and desired trajectory of the end-effector.
The trajectory generated by the manipulator during task exe-
cution is consistent with the desired trajectory well, and the
joint’s movement is smooth. Fig. 3(c) shows the time history
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Fig. 5. Snapshots of the manipulator when performing the motion-force control task aided with the DDMFC scheme (20).

Fig. 6. Experiment results on Franka Emika Panda manipulator performing a trajectory tracking task with a cat-like trajectory. (a) Time history of
joint angles. (b) Time history of joint velocities. (c) Time history of Position errors of the end-effector on X and Y axes. (d) Time history of contact
force on the end-effector along the Z-axis.

of joint velocities within the range of physical constraints.
Fig. 3(d) indicates the time history of joint angles during the
task, and the manipulator is back to its initial position when
finishing the task. Fig. 3(e) depicts the displacement error of
the end-effector, which are fluctuating on the order of 10−4 m.
Fig. 3(f) displays the deformation force of the end-effector along
the Z-axis, which converges to the desired value dramatically;
that is, the motion-force control task running on the manipulator
is implemented accurately. In this sense, the effectiveness of the
DDMFC scheme (20) is well validated.

B. Physical Experiments

To verify the effectiveness of the DDMFC scheme (20)
in practical application, physical experiments are conducted
on a 7-DOF redundant manipulator named Franka Emika
Panda. The D-H parameters of the manipulator can be
found in [20]. The initial state of the manipulator is
[0,−π/4, 0,−3π/4, 0, π/2, π/4, π/4]T rad, and the fd = 0.1
N; the stiffness coefficient of the contact object is assumed as
100; the step-size of the learning law � = 10−6; the convergent
rate δ of the RNN is set to 10−3. The experiment’s software
environment is driven by the official C++ library libfranka built
on the ubuntu 16.04 LTS operating system.

In the experiments, the Franka Emika Panda manipulator is
given a motion-force control task, and a marker is clipped to
the end-effector to draw the trajectory on the white paper. The
manipulator is driven by joint velocity signals to track a cat-
like trajectory within 20 s. Meanwhile, the manipulator’s end-
effector is maintaining a constant contact force fd = 0.1 N. Fig. 4
depicts the experiment setup.

Fig. 5 depicts the time instants states of the manipulator
during the task and the final trajectory of the task. We can
conclude that the end-effector’s orientation of the manipulator
is unchanged during the task. Besides, the assigned trajectory
tracking task is finished perfectly, and the end-effector returns
to its start position precisely after finishing the task. Fig. 6
demonstrates the measured data of the manipulator during the
physical experiment. Fig. 6(a) and (b) depicts the position and
velocity in joint space of the manipulator during the experiments,
respectively, which are continuous and smooth. Fig. 6(c) depicts
the position error of the end-effector in base frame, fluctuating
in the range of 2 × 10−3 m. Fig. 6(d) depicts the contact force on
the end-effector along the Z-axis, and the contact force fluctuates
in the range of 10−2 N slightly due to friction and measurement
errors. In general, the physical experiment results successfully
substantiate the feasibility and practicability of the DDMFC
scheme (20).

C. Comparisons

In this subsection, the DDMFC scheme (20) is compared
with other robot controllers in the existing studies [4], [8]–[10],
[17]–[19]. Each controller has different research characteristics.
The comparisons are conducted from the control characteristics
and features. As shown in Table I, the DDMFC scheme (20) and
controllers in [8], [9], [18], [19] achieve hybrid motion-force
control. The proposed controller (20) is of great advantages in
simultaneous learning and control for manipulators with un-
known parameters compared with controllers in [9], [18], [19].
The controller in [8] also implements the learning and control but
from a dynamic perspective. The controller (20) considers the
end-effector maintaining and joint constraint avoidance in light
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TABLE I
COMPARISONS AMONG DIFFERENT CONTROLLERS FOR MOTION-FORCE CONTROL AND LEARNING ABILITY OF REDUNDANT MANIPULATORS

� “Structure information” means that whether full knowledge of the redundant manipulator is required or not.

of kinematics control. In this regard, the DDMFC scheme (20)
can be considered as a meaningful innovation in the redundant
manipulator control field.

VI. CONCLUSION

This article proposed a DDMFC scheme, which combined
the learning and control parts of redundant manipulators. The
scheme aimed to solve the motion-force control problem from
a kinematic perspective when redundant manipulators’ model
parameters were unknown. The minimization of velocity norm
had been regarded as the objective function, and the Jacobian
matrix of redundant manipulators had been estimated precisely
aided with data-driven technology. Besides, due to the manip-
ulator’s redundancy, the manipulator’s physical constraints and
end-effector orientation maintenance had been considered. The
corresponding RNN for solving the learning problem and the
control problem had been devised. Rigorous theoretical analysis
had proved the learning and control abilities of the RNN. The
simulation results and physical experiments had illustrated the
efficiency and practicability of the DDMFC scheme. At last,
comparisons with other controllers had revealed the advantages
of the scheme. To the best of our knowledge, it is the first time
that the motion-force control problem of redundant manipulators
in the absence of model parameters is investigated. In the future,
we will try to extend the data-driven approach to the orientation
control of manipulator, which will also be applied to more
practical scenarios.
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