
Received May 16, 2019, accepted June 16, 2019, date of publication July 2, 2019, date of current version July 19, 2019.

Digital Object Identifier 10.1109/ACCESS.2019.2925428

Dynamical Obstacle Avoidance of Task-
Constrained Mobile Manipulation
Using Model Predictive Control
WEI LI 1 AND RONG XIONG 2
1School of Control Science and Engineering, Zhejiang University, Hangzhou 310027, China
2State Key Laboratory of Industrial Control Technology, Zhejiang University, Hangzhou 310027, China

Corresponding author: Rong Xiong (rxiong@zju.edu.cn)

This work was supported in part by the National Science Foundation of China under Grant U1609210, and in part by the Science and
Technology Project of Zhejiang Province under Grant 2019C01043.

ABSTRACT Task-constrained motion planning (TCMP) is involved in many practical applications, such
as opening the door, opening the drawer, twisting the screw, and so on. Because of the trend of man–
machine collaboration and the existence of dynamic in environments, planning the collision-free motions
for task-constrained manipulation is a significative problem. This paper explores the TCMP issue for mobile
manipulation, which uses a mobile base to enhance the working range and flexibility but simultaneously
makes the problem harder than that of single manipulation because of the additional degrees of freedom
(dofs). We propose an optimization-based method to plan the obstacle avoidance motion in real-time. First,
the global robotic Jacobian matrix that combines the omnidirectional base and the robotic arm is derived.
Second, model predictive control is used to plan the control rule in order to maximize the closest distance
between the obstacles and the mobile manipulator and minimize the velocities of null space at the same
time. We have deduced the model with four differential equations that represent the law of the distance over
time. Third, the distances are calculated and sent to the model to calculate the velocity of each joint of the
arm and the base using ACADO that is an open-source toolkit. Using the velocities, the mobile manipulator
can move away from the approaching people while still fixing the end of the arm to manipulate tool at the
same time. Our method is verified on the mobile manipulator that consists of four Mecanum wheels, a base,
a UR10 arm, and four kinect cameras in Gazebo simulation with using the ROS operation.

INDEX TERMS Mobile manipulation, motion planning, task constraints, dynamical obstacle avoidance,
model predictive control.

I. INTRODUCTION
Task-constrained motion planning (can be called TCMP for
short) is a classical problem of robot motion planning which
requires manipulators to move their end effectors along pre-
defined paths or fix their end effectors. Among them, end
fixed constrained motion planning is of great significance
because of the space limit of many manipulation tasks. It can
be used as twisting the screw, spot welding, drilling holes
and so on. The challenge of TCMP is to plan the joint-
space paths of manipulators that can avoid the moving and
static obstacles and satisfy task constraints at the same time.

The associate editor coordinating the review of this manuscript and
approving it for publication was Hui Xie.

Dynamical obstacle avoidance of TCMP is very important
in industrial and living application because the robot will
not stop working even if people comes up and will avoid
him at the same time. It improves man-machine collaboration
performance vastly. Similar to the common motion planning,
the methods of TCMP can be divided as the following cate-
gories: sample-based methods, artificial potential field based
methods and optimization-based methods. Because of the
exist of constraints, the configuration space of manipulator
would form a irregular manifold. So search-based methods
(such as A*, Dijkstra and so on) cannot be used in task-
constrained manipulation.

Sample-based methods are widely used and matured
methods which require the circumstance is known and each
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moving obstacle has a predictable trajectory. They utilize
the random sampled nodes to build a growing graph. When
the target node is added to the graph, the process would be
end. Then there should be a path that can connect the initial
and target node in this graph. The Constrained Bi-directional
Rapidly-exploring Random Tree (CBIRRT) was presented
by [1] which can plan paths in manifold of configuration
space. After extending a new RRT random tree node in
the high dimensional configuration space, CBIRRT uses the
pseudo inverse of the Jacobian matrix to do the projection
of the node in the manifold space, and add this node to the
constrained RRT tree. Repeat this step until the target location
is added to the RRT tree so that a path in manifold has been
found. The Tangent Bundle RRT algorithm was presented
by [2]. This algorithm set the initial node and the target node
on the manifold, then construct the tangent spaces of them.
Sample a new node on one tangent space and find the nearest
neighbor node on the other tangent space. If the distance
between the node and the manifold beyond a threshold, then
project it to the manifold to create a new tangent space.
Repeat these steps then a path which lies on the manifold
connect the initial node and the target node would be created.
Reference [3] presented the first-order retraction (FR) which
gives a rapid project method to sample the node on the
manifold. Reference [4] presented an algorithm which based
on a struct named foliation. With respect to redundant robots,
a point in task space would be mapped to many points in
configuration space which can form a leaf. So sampling the
next point in task space is sampling the next point in a leaf in
configuration space. If no path is available, an arrival node
in the same leaf of this point in task space would be find
and the next point in configuration space would be searched
to connected with the arrival node. An Italy team presented
and deepened a random algorithm for planning dynamically
feasible motions of robots with task-constraints which also
based on foliation [5]–[7]. But each leaf contains not only
points but also velocity of points in configuration space.
As result, the path and the trajectory on the manifold can be
planned at the same time. On average, sample-based methods
have good precision but not good real-time, and they can not
handle the moving obstacle with unpredictable trajectory.

Artificial potential field based methods are classical meth-
ods that are used in motion planning for many years [8]. They
utilize an attractive potential field to attract the robot to the
target and a repulsive potential field to make the robot avoid
obstacles. Reference [9] proposed a new potential field form
that consists of a static potential field and a dynamic potential
field. The dynamic potential field canmake themoving obsta-
cles have larger repulsive forces so that the robot can avoid
them in a larger velocity. The velocity of avoidance which
in direct proportion to the gradient of potential field is used
in the null-space movement so that can satisfy the task con-
straints. References [10], [11] only considered the distance
between the closest point on the obstacle and the critical point
in redundant robotic arm. In [10], the velocity of null-space
movement is setted inversely proportional to this distance.

In [11], the velocity of null-space movement is setted in direct
proportion to the gradient of this distance. Using the form
of electric field in physics is a natural way to construct the
artificial potential field [12], [13]. And adding some terms
to avoid joint limits and prevent singular configurations of
the manipulator would be mature [12]. In general, artificial
potential field based methods are simple in structure and
convenient for real-time control. So they have been widely
used in real-time obstacle avoidance trajectory control. But
the disadvantage is that there is a local optimal solution which
is prone to deadlock phenomenon, and thus may cause robot
stay at the local best before reaching the target.

The basic thought of optimization-based methods is to
construct object functions that involve the distances between
robot and obstacles, the distance between robot and target and
the velocities and accelerates of each joints, then to optimize
this function to get the optimal trajectory of robot. The
CHOMP algorithm [14] presented a prior term which include
the velocity and accelerate of each joint and an obstacle
term, but the obstacles should be static. The ITOMP algo-
rithm [15] divides obstacles to dynamic obstacles and static
obstacles, and use an error model to simulate the dynamic
obstacles’ positions. Convex optimal approach had been used
to optimize robot trajectory for many years. Reference [16]
presented a way using second-order cone program to optimal
the time spent in the robot manipulation. Model predic-
tive control utilizes dynamic models to predict their future
behavior, which is becoming more and more popular in
motion planning because of its capability to handle vari-
ous kinds of kinematic and dynamic constraints [17], [18].
Reference [19] presented an automatic C-code genera-
tion strategy for real-time nonlinear model predictive con-
trol (NMPC), which had been implemented within the
software package ACADO Toolkit. ACADO Toolkit has a
good real-time performance with a sampling time in the
microsecond range. This allows for convenient applys of
trajectory planning of different scenes [20], [21]. In general,
optimization-based methods have clear goals and would get
global optimal solutions. Although they have large time con-
sumption and not good real-time performance, but with the
advent of more andmore toolkits, their real-time performance
will be better and better again.

In this paper, the optimization-based method NMPC is
adopted. This is firstly because it is a local path planning
algorithm which different from RRT, PRM etc. Local trajec-
tory planning algorithms have forward-looking, which makes
them can deal with obstacle avoidance situations outside the
plan. And this is secondly because it can take care of more
optimization factors (such as velocity) than other methods
(such as artificial potential field based methods). We take
the base and the robotic arm of the mobile manipulator as
a whole, and deduce the global Jacobian matrix of the mobile
manipulator with respect to the velocities of all joints of the
robotic arm and all dofs of the base. Then we use NMPC
to plan the executing velocities of all dofs of the mobile
manipulator while people comes to the robot. The kinematic
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model is deduced with 4 extra equations in order to satisfy
the form of the object function of optimization. The equations
utilize the global Jacobian matrix.

The main contributions of this paper are as follows:
(i) The Jacobian matrix of arbitrary point in the robotic

arm and the base is derived. They are substituted into
the kinematic model, and obtain the velocity control
rule that covers the whole robot including the robotic
arm and the omnidirectional base through ACADO
toolkit. The omnidirectional base is used because it can
avoid obstacles from left and right side.

(ii) Nonlinear model predictive control is used for dynamic
obstacle avoidance of task-constrained mobile manip-
ulation. An object function which is designed to max-
imize the closest distance between obstacles and the
robot and simultaneously minimize the velocities of
null-space is proposed. And in order to optimize the
function, we have deduced the obstacle avoidance kine-
matics with 4 differential equations which represent the
law of the distance over time. The obstacle avoidance
kinematics is different from the traditional kinematic
model [7] and the dynamic model [22]. It goes over the
velocity and directly takes the reciprocal of the distance
as the output. The results of experiments have proved
the available of the equations.

The remainder of the paper is organized as follows.
Section 2 systematically deduced the global Jacobian of the
whole robot and the Jacobian of arbitrary point in the robot.
Section 3 introduces the model predictive control roughly,
and explains how the model is modified to adapt to optimize
the object function. Section 4 gives the experimental results of
NMPC. As a contrast, we also realize the dynamical obstacle
using artificial potential field method [12] and foliation based
RRT method [5] and analyze the advantages of NMPC over
the last two methods. Finally, Section 5 gives the conclusion.

II. THEORETICAL DERIVATION AND ALGORITHM
IMPLEMENTATION
A. DERIVATION OF THE GLOBAL JACOBIAN MATRIX OF
ARBITRARY POINT AND ROBOT END IN THE MOBILE
MANIPULATOR
In robotic arm, each link can be represented by 4 kinematic
parameters (αi−1, ai−1, di, θi) which called Denavit-
Hartenberg parameters. Figure 1 shows the non-zero D-H
parameters of UR10 robotic arm. The D-H parameters can
determine the configuration of a robotic arm. The rotation and
translation matrix of one link with respect to the forward link
can be represented as follows:

i−1Ti =


cθi −sθi 0 ai−1

sθicαi−1 cθicαi−1 −sαi−1 −sαi−1di
sθisαi−1 cθisαi−1 cαi−1 cαi−1di

0 0 0 1


(1)

where s is the mathematic symbol which stands for sin and
c is the mathematic symbol which stands for cos.

FIGURE 1. The D-H parameters of UR10 robotic arm and the coordinate
system of each link.

FIGURE 2. The scene of mobile manipulation and the coordinate systems
of the mobile manipulator.

As shown in Figure 2, we use (XW , YW , ZW ) to represent
the coordinate of the world, use (XR, Y R, ZR) to represent
the coordinate of the mobile manipulator, use (X , Y , Z )
to represent the coordinate of the robotic arm, and use
(X i, Y i, Z i) to represent the coordinate of the i th link of
the robotic arm. So in the coordinate of the robotic arm,
the rotation and translation matrix of the i-th link can be
calculated as follows:

Ti = bT1 · 1T2 · · · · · i−1Ti (2)

Ti =
(
Ri t i

0 1

)
=

(
rix riy riz t i

0 0 0 1

)
(3)

whereRi represents the 3×3 rotationmatrix, and t i represents
the 3×1 translation vector. rix represents the projection of the
x-axis unit column vector of the i-th link with respect to the
coordinate of the robotic arm, and riy and r

i
z respectively rep-

resent the y-axis and z-axis unit column vectors with respect
to the coordinate of the robotic arm. So the position of an
arbitrary point (x ia, y

i
a, z

i
a)
T in the i-th link can be represented

in the coordinate of the robotic arm as follows:(
xa
1

)
=

(
Ri t i

0 1

)
·

(
xia
1

)
(4)
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where xa represents the position (xa, ya, za)T of the point
in the coordinate of the robotic arm, and xa represents the
position (x ia, y

i
a, z

i
a)
T of the point in the coordinate of the i-th

link.
Within the principle of motion superposition and the differ-

ential rule of multielements, the Jacobian matrix of this point
with respect to the N joints of the robotic arm can be deduced
as follows:

Ja =
∂(xa, ya, za, φxa, φya, φza)T

∂(θ1, θ2, · · · , θN )
(5)

Ja =

∂xa∂θ1
· · ·

∂xa
∂θi

03×(N−i)

r1z · · · riz 03×(N−i)

 (6)

where φxa, φya and φza are the Eula joints of the i-th link in
the coordinate of the robotic arm. So based on the formula
above mentioned, the Jacobian matrix of the robotic arm can
be written as:

J0 =

∂tN∂θ1 ∂tN

∂θ2
· · ·

∂tN

∂θN
r1z r2z · · · rNz

 (7)

The Jacobian matrixes are all deduced from the base of the
robotic arm, but the mobile manipulator has an omnidirec-
tional base which has three additional degrees of freedom: x0,
y0 and α. So we need to deduce the Jacobian of an arbitrary
point in the i-th link from the robot base. The following
equations can be derived from the relationship between the
position of the point in the robotic arm coordinate system
(xa, ya, za) and the position of the point in the world coor-
dinate system (xwa , y

w
a , z

w
a ):

xwa = (xa + a) cos(α)− (ya + b) sin(α)+ x0 (8)

ywa = (xa + a) sin(α)+ (ya + b) cos(α)+ y0 (9)

zwa = za + c (10)

Differentiate above three equations with respect to time,
the trasformation relationship between the speed of the arbi-
trary point relative to the world coordinate system and the
speed relative to the robotic arm coordinate system will be
get as follows:

ẋwa = ẋa cos(α)− (xa + a) sin(α)α̇ − ẏa sin(α)

− (ya + b) cos(α)α̇ + ẋ0 (11)

ẏwa = ẋa sin(α)+ (xa + a) cos(α)α̇ + ẏa cos(α)

− (ya + b) sin(α)α̇ + ẏ0 (12)

żwa = ża (13)

where the column vector (a, b, c)T is the translation from the
origin of the mobile manipulator coordinate system to the
origin of the robotic arm coordinate system. Assume φwxa,
φwya and φwza be the Eula joints of the i-th link in the world
coordinate, so the transformation relationship between the
angular velocity of the i-th link in the robotic arm coordinate

and the angular velocity in the world coordinate system will
be calculated as follows:

φ̇wxa = φ̇xa cos(α)− φ̇ya sin(α) (14)
φ̇wya = φ̇xa sin(α)+ φ̇ya cos(α) (15)
φ̇wza = φ̇za + α̇ (16)

To sum up, the position and orientation of the arbitrary
point and its frame in the i-th link can be represented as:

d
dt


xwa
ywa
zwa
φwxa
φwya
φwza

 =


R 03×3

03×3 R

T1 1 0
T2 0 1
0 0 0
0 0 0
0 0 0
1 0 0

 ·



ẋa
ẏa
ża
˙φxa
˙φya
φ̇za
α̇

ẋ0
ẏ0



=


R 03×3

03×3 R

T1 1 0
T2 0 1
0 0 0
0 0 0
0 0 0
1 0 0



·

(
Ja 06×3

03×N I3×3

)
·



θ̇1
θ̇2
...
˙θN
α̇

ẋ0
ẏ0


(17)

R =

cos(α) − sin(α) 0
sin(α) cos(α) 0
0 0 1

 (18)

where T1 = −(xa + a) sin(α) − (ya + b) cos(α), T2 =
(xa + a) cos(α)− (ya + b) sin(α). And let’s split the Jacobian
matrix Ja to two parts: the translation part Jat which com-
prises the first three rows of Ja and the rotation part Jar which
comprises the last three rows of Ja. From the equation (17) we
can get the form of the global Jacobian matrix of the arbitrary
point in the robotic arm:

Jwa =


R 03×3

03×3 R

T1 1 0
T2 0 1
0 0 0
0 0 0
0 0 0
1 0 0


·

(
Ja 06×3

03×N I3×3

)

=


R · Jat
R · Jar

T1 1 0
T2 0 1
0 0 0
0 0 0
0 0 0
1 0 0

 (19)
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And the global Jacobian matrix of the robotic arm end can be
written as:

Jw0 =


R 03×3

03×3 R

T1 1 0
T2 0 1
0 0 0
0 0 0
0 0 0
1 0 0


·

(
J0 06×3

03×N I3×3

)

=


R · J0t
R · J0r

T1 1 0
T2 0 1
0 0 0
0 0 0
0 0 0
1 0 0

 (20)

If the arbitrary point is on the omnidirectional base,
the velocity of which would have nothing to do with the joints
of the robotic arm. The following equations can be derived
from the relationship between the position of the point in
the coordinate system of the mobile manipulator (xra , y

r
a, z

r
a)

and the position of the point in the world coordinate system
(xwa , y

w
a , z

w
a ):

xwa = xra cos(α)− y
r
a sin(α)+ x0 (21)

ywa = xra sin(α)+ y
r
a cos(α)+ y0 (22)

zwa = zra (23)

Differentiate above three equations with respect to time:

ẋwa = (−xra sin(α)− y
r
a cos(α))α̇ + ẋ0 (24)

ẏwa = (xra cos(α)− y
r
a sin(α))α̇ + ẏ0 (25)

żwa = 0 (26)

So the Jacobian matrix of the arbitrary point in the omnidi-
rectional base can be written as follows:

Jwa =

06×N

T3 1 0
T4 0 1
0 0 0
0 0 0
0 0 0
1 0 0

 (27)

where T3 = −xra sin(α) − yra cos(α), T4 = xra cos(α) −
yra sin(α).

B. DYNAMICAL OBSTACLE AVOIDANCE WITH USING
NONLINEAR MODEL PREDICTIVE CONTROL
As mentioned in [19], the nonlinear model predictive control
has the form as follows:

min
ξ (.),ζ (.)

∫ T

0
(‖ξ (τ )‖2P + ‖ζ (τ )‖

2
Q)dτ

s.t. ξ̇ (t) = f (ξ (t), ζ (t))

ξ (0) = ξ0
z ≤ ζ (t) ≤ z for all t ∈ [0,T ] (28)

where ξ denotes the state, ζ denotes the control input, and
z, z are the control bounds. P and Q are symmetric matrixes.
MPC is an optimization-based method for controlling gen-
eral systems by predicting their future behavior on the basis
of dynamic models. NMPC allows one to handle nonlinear
dynamics and constraint explicitly [20]. So this method is
very suited for the problem of TCMP. For the dynamical
obstacle avoidance, the optimization object function must
include the closest distance don between the mobile manipu-
lator and the moving obstacle. So the form of object function
can be designed as follows:

min
1
don

(.),ω(.)

∫ T

0
(|

1
don(τ )

|
2
+ ‖ω(τ )‖2Q)dτ (29)

where ω is the general velocity vector (θ̇1, θ̇2, . . . , ˙θN , α̇,
ẋ0, ẏ0)T of the Jacobian null-space of the mobile manipulator.
If the more far away from the moving obstacle the robot is,
the bigger the distance don is, and the smaller the inverse
of don is. But the 1/don(τ ) is not a natural state item in the
model of the mobile manipulator. The model of the mobile
manipulator is:

q̇ = Jw†0 (ẏd + Key)+ (I − Jw†0 Jw0 )ω (30)

where q̇ is the general velocity vector (θ̇1, θ̇2, . . . , ˙θN , α̇,
ẋ0, ẏ0)T of the mobile manipulator used for executing.
Jw†0 is the pseudoinverse matrix of the global Jacobian matrix
of the robot end. K is a positive definite gain matrix. ey is
the task error stands for yd − y. If the manipulated object is
fixed somewhere (as the issue we handle in this paper), such
as twisting the screw, ẏd and ey should be zeros. Then the
model is simplified as follows:

q̇ = (I − Jw†0 Jw0 )ω (31)

So we need to deduce the model equations to represent the
law of the inverse of don(τ ) over time. If the nearest point
in the robot is presented as (xn, yn, zn)T in the world coordi-
nate, the nearest point in the moving obstacle is presented as
(xo, yo, zo)T in the world coordinate, we know:

don =
√
(xn − xo)2 + (yn − yo)2 + (zn − zo)2 (32)

Differential it’s reciprocal with respect to time, and suppose
the obstacle is instantaneous static :

d
dt
(
1
don

)=−
1
d2on
·

(
xn − xo
don

yn − yo
don

zn − zo
don

)
·

ẋnẏn
żn

 (33)

Inspired by the symmetry of equation (33), we use η1 to
represent 1/don, use η2 to represent (xn − xo)/don, use η3 to
represent (yn−yo)/don, use η4 to represent (zn−zo)/don. Then
differential them with respect to time:

η̇1 = −η
2
1(η2ẋn + η3ẏn + η4żn) (34)

η̇2 = η1ẋn − η1η2(η2ẋn + η3ẏn + η4żn) (35)

η̇3 = η1ẏn − η1η3(η2ẋn + η3ẏn + η4żn) (36)

η̇4 = η1żn − η1η4(η2ẋn + η3ẏn + η4żn) (37)
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where ẋn, ẏn and żn can be deduced by (19) and (30), and
suppose the φ̇xn, φ̇yn and φ̇zn be the Eula joints of the link
which the nearest point in. We have:
ẋn
ẏn
żn
φ̇xn
φ̇yn
φ̇zn

= Jwn q̇ = Jwn [J
w†
0 (ẏd + Key)+(I − J

w†
0 Jw0 )ω] (38)

We don’t care much about Eula joints, so we can divide the
Jwn to the translation part and the rotation part: a 3× (N+ 3)
matrix Jwtn and a 3× (N+ 3) matrix Jwrn. So ẋn, ẏn and żn can
be represented as:ẋnẏn

żn

 = Jwtn[J
w†
0 (ẏd + Key)+ (I − Jw†0 Jw0 )ω] (39)

Combine the above equation with equations (34-37), then we
get:
η̇1
η̇2
η̇3
η̇4

 =

−η21η2 −η21η3 −η21η4
η1 − η1η

2
2 −η1η2η3 −η1η2η4

η1 − η1η2η3 −η1η
2
3 −η1η3η4

η1 − η1η2η4 −η1η3η4 −η1η
2
4


· Jwtn · [J

w†
0 (ẏd + Key)+ (I − Jw†0 Jw0 )ω] (40)

If the manipulated object is fixed somewhere which we
mainly dealed with in this article, the model is simplified as
follows:
η̇1
η̇2
η̇3
η̇4

 =

−η21η2 −η21η3 −η21η4
η1 − η1η

2
2 −η1η2η3 −η1η2η4

η1 − η1η2η3 −η1η
2
3 −η1η3η4

η1 − η1η2η4 −η1η3η4 −η1η
2
4


· Jwtn · (I − J

w†
0 Jw0 )ω (41)

But Jwtn and Jw†0 are functions of configuration vector q
which represents (θ1, θ2, . . . , θN , α, x0, y0)T , that means
equation(41) is not complete. A complete model can be built
by combining equation (31) with equation(41). And if the
manipulated object is on moving, the complete model can be
built by combining equation(30) with equation(40). Based on
the model, suppose P is the unit matrix, the object function
can be written as:

min
ηi(.),ω(.)

∫ T

0
(

4∑
i=1

|ηi(τ )|2 + ‖ω(τ )‖2Q)dτ (42)

and:

η22 + η
2
3 + η

2
4 = 1 (43)

So the object function (42) is equal to function (29).
As to the point in obstacle, it’s of heavy computation to

compute the nearest point in the robot with irregular shape
in real time. So the wise strategy is using a set of points to
represent the robot. Then the distances are calculated between

the obstacle’s point and these characteristic points of the
robot. As shown in Figure 3, the characteristic points are
depicted all around the robot uniformly. The nearest point
in the obstacle (the back people) is the point B, with the
coordinate (xo, yo, zo). Assume the nearest m points in the
mobile manipulator are A1, A2, . . . , Am (m = 3 in our
experiment), with the coordinate (xni, yni, zni), (i = 1, . . . , m).
We use doni to represent the distance between the i-th nearest
characteristic point and the point in obstacle, use η1i to
represent 1/doni, use η2i to represent (xni−xo)/doni, use η3i to
represent (yni − yo)/doni, use η4i to represent (zni − zo)/doni.
Then the obstacle avoidance model of end fixed constrained
mobile manipulation which we mainly dealed with in this
article can be represented as follows:



η̇11
η̇21
η̇31
η̇41
η̇12
η̇22
η̇32
η̇42
...

η̇1m
η̇2m
η̇3m
η̇4m



=





−η211η21 −η211η31

−η211η41
η11 − η11η

2
21 −η11η21η31

−η11η21η41
η11 − η11η21η31 −η11η

2
31

−η11η31η41
η11 − η11η21η41 −η11η31η41
−η11η

2
41


·Jwtn1

−η212η22 −η212η32

−η212η42
η12 − η12η

2
22 −η12η22η32

−η12η22η42
η12 − η12η22η32 −η12η

2
32

−η12η32η42
η12 − η12η22η42 −η12η32η42
−η12η

2
42


·Jwtn2
...

−η21mη2m −η21mη3m

−η21mη4m
η1m − η1mη

2
2m −η1mη2mη3m

−η1mη2mη4m
η1m − η1mη2mη3m −η1mη

2
3m

−η1mη3mη4m
η1m − η1mη2mη4m −η1mη3mη4m
−η1mη

2
4m


·Jwtnm


· (I − Jw†0 Jw0 )ω (44)

Based on the model, the object function can be written as:

min
ηij(.),ω(.)

∫ T

0
(
m∑
j=1

4∑
i=1

|ηij(τ )|2 + ‖ω(τ )‖2Q)dτ (45)

and:

η22i + η
2
3i + η

2
4i = 1, for i = 1 ∼ m (46)
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FIGURE 3. The characteristic points in the mobile manipulator.

III. EXPERIMENTAL RESULTS
Our planner was implemented on a 64-bit Intel Core
i5-7300HQ CPU running at 2.50 GHz. And the simulation
experiments are performed on Gazebo 2.0 and Ros Indigo
which installed on Ubuntu 14.04 operating system. The
mobile manipulator which used in simulation comprises an
UR10 robotic arm, an omnidirectional base and 4 kinect
cameras.

In order to verify the performance of the robot’s obstacle
avoidance algorithm, we design a set of experiments. The
first experiment is moving people from back to approach
the mobile manipulator, and see the performance of NMPC

FIGURE 4. The solution how the working mobile manipulator avoids the
moving people from it’s back using NMPC method.

FIGURE 5. The solution how the working mobile manipulator avoids the
moving people from it’s left using NMPC method.

method. The people is about 0.91 m away from the robot
at the beginning, and move toward the robot at a speed
of 0.7 m/s. The second experiment is moving people from left
to approach the mobile manipulator, and see the performance
of NMPC method. The people is about 1.35 m away from
the robot at the beginning, and move toward the robot at a
speed of 0.7 m/s. For comparison, we perform the same two
sets of experiments using the artificial potential field based
method (APF) and the foliation based RRT method (FRRT).

Figure 4 shows the NMPC solution how the mobile
manipulator avoids the moving people from it’s back and
maintain it’s robotic arm end fixed at the working position.
And Figure 5 shows the NMPC solution how the mobile

FIGURE 6. The solution how the working mobile manipulator avoids the
moving people from it’s back using artificial potential field based
method.

FIGURE 7. The solution how the working mobile manipulator avoids the
moving people from it’s left using artificial potential field based method.

FIGURE 8. The solution how the working mobile manipulator avoids the
moving people from it’s back using foliation based RRT method.

VOLUME 7, 2019 88307



W. Li, R. Xiong: Dynamical Obstacle Avoidance of Task-Constrained Mobile Manipulation

manipulator avoids the moving people from it’s left and
maintain it’s robotic arm end fixed at the working position
too. Both of two experiments demonstrate the effectiveness
of our algorithm. For comparison, the solutions of the APF
are shown in Figure 6 and Figure 7 and the solutions of the
FRRT are shown in Figure 8 and Figure 9.

When people approaches the robot, the minimum distance
between them falls down whether using NMPC method,
APF method or FRRT method. In the scene that people
approaches the robot from back, at the time 0.9 s, the distance
of NMPC method is 0.63 m, the distance of APF method is
0.66 m and the distance of FRRT method is 0.59 m. While

FIGURE 9. The solution how the working mobile manipulator avoids the
moving people from it’s left using foliation based RRT method.

FIGURE 10. People approaches the robot from back. (a) The variation of
minimum distance between robot and people with time using NMPC
method. (b) The variation of the positions and orientations of robot base
and robotic arm end with time using NMPC method. (c) The variation of
minimum distance between robot and people with time using artificial
potential field based method. (d) The variation of the positions and
orientations of robot base and robotic arm end with time using artificial
potential field based method. (e) The variation of minimum distance
between robot and people with time using foliation based RRT method.
(f) The variation of the positions and orientations of robot base and
robotic arm end with time using foliation based RRT method.

in the scene that people approaches the robot from left, at the
time 1.6 s, the distance of NMPC method is 0.71 m, the dis-
tance of APF method is 0.69 m, and the distance of FRRT
method is 0.65 m. The different between them is very little.
The results can be seen from Figure 10(a, c, e) and 11(a, c, e).
In the scene that people approaches the robot from back, at the
time 0.9 s, the robotic end maintained fixed, the displacement
(δx, δy, δα) of the robot base computed by NMPC is (0.19,
0.32, −0.05), the displacement computed by APF method is
(0.13, 0.38, 0.04), and the displacement computed by FRRT
is (0.38, 0.15, 0.57). The displacement of NMPC is very
close to APF. But the x displacement of FRRT is bigger
than NMPC while the y displacement of FRRT is smaller
than NMPC, that because the robot using FRRT avoids the
people to the right rather than forward like NMPC and APF.
In the scene that people approaches the robot from left, at the
time 1.6 s, the robotic end maintained fixed, the displacement
(δx, δy, δα) of the robot base computed by NMPC is (0.62,
0.27, 0.22), the displacement computed by APF method is
(0.60, 0.29, 0.26), and the displacement computed by FRRT is
(0.53, 0.42, 0.19). The different between them is small. results
can be seen from Figure 10(b, d, f) and 11(b, d, f).

FIGURE 11. People approaches the robot from left. (a) The variation of
minimum distance between robot and people with time using NMPC
method. (b) The variation of the positions and orientations of robot base
and robotic arm end with time using NMPC method. (c) The variation of
minimum distance between robot and people with time using artificial
potential field based method. (d) The variation of the positions and
orientations of robot base and robotic arm end with time using artificial
potential field based method. (e) The variation of minimum distance
between robot and people with time using foliation based RRT method.
(f) The variation of the positions and orientations of robot base and
robotic arm end with time using foliation based RRT method.

As shown in Function (29), the NMPC optimized object
function includes the modulus of the null-space velocities,
so the null-space velocities calculated by NMPC are confined
with in a certain range (−0.5 rad/s to 0.5 rad/s, −0.5 m/s
to 0.5 m/s). But the null-space velocities of APF method
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FIGURE 12. People approaches the robot from back. (a) The variation of
the velocities and angular velocities of the robot’s dofs in null-space with
time using NMPC method. (b) The variation of the real executed velocities
and angular velocities of the robot’s dofs with time using NMPC method.
(c) The variation of the velocities and angular velocities of the robot’s
dofs in null-space with time using artificial potential field based method.
(d) The variation of the real executed velocities and angular velocities of
the robot’s dofs with time using artificial potential field based method.
(e) The variation of the velocities and angular velocities of the robot’s
dofs in null-space with time using foliation based RRT method. (f) The
variation of the real executed velocities and angular velocities of the
robot’s dofs with time using foliation based RRT method.

and FRRT method are not confined, the plan results can be
seen from Figure 12(a, c, e) and Figure 14(a, c, e). From
the figures we can see that FRRT has the largest volatility
of null-space velocity as the curves are very chaos. That
due to the random sampling of position in FRRT. The APF
has the second large volatility of null-space velocity, and
the NMPC has the smallest volatility of null-space velocity.
The real-executed velocities are calculated by Equation(31),
which means they are projections from the null-space veloci-
ties to the constrainedmanifold. So the range of the null-space
velocities would influence the range of the real-executed
velocities directly, which can be seen in Figure 12(b, d, f)
and Figure 14(b, d, f). Just take the velocities of the base as
an example. In the scene that people approaches the robot
from back, the x direction velocity of NMPC changes from
0.10 m/s to 0.31 m/s, the x direction velocity of APF changes
from −0.06 m/s to 0.35 m/s, the x direction velocity of
FRRT changes from 0.09 m/s to 0.59 m/s, the y direction
velocity of NMPC changes from 0.29 m/s to 0.46 m/s, the y
direction velocity of APF changes from 0.23 m/s to 0.66 m/s,
the y direction velocity of FRRT changes from −0.06 m/s
to 0.22m/s, the angular velocity of NMPC changes from
−0.29 rad/s to 0.13 rad/s, the angular velocity ofAPF changes
from −0.30 rad/s to 0.36 rad/s, the angular velocity of FRRT
changes from 0.30 rad/s to 0.80 rad/s. In the scene that people
approaches the robot from left, the x direction velocity of

FIGURE 13. People approaches the robot from back. (a) The variation of
the real executed accelerates and angular accelerate of the robot base
with time using NMPC method. (b) The variation of the real executed
accelerates and angular accelerate of the robot base with time using
artificial potential field based method. (c) The variation of the real
executed accelerates and angular accelerate of the robot base with time
using foliation based RRT method.

NMPC changes from 0.34 m/s to 0.43 m/s, the x direc-
tion velocity of APF changes from 0.27 m/s to 0.47 m/s,
the x direction velocity of FRRT changes from 0.00 m/s to
0.59 m/s, the y direction velocity of NMPC changes from
0.05 m/s to 0.32 m/s, the y direction velocity of APF changes
from 0.05 m/s to 0.45 m/s, the y direction velocity of FRRT
changes from 0.12 m/s to 0.39 m/s, the angular velocity
of NMPC changes from 0.13 rad/s to 0.20 rad/s, the angu-
lar velocity of APF changes from 0.11 rad/s to 0.25 rad/s,
the angular velocity of FRRT changes from −0.26 rad/s to
0.63 rad/s. So in summary, the FRRT method and the APF
method have a larger volatility of real executed velocity than
the NMPC method.
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FIGURE 14. People approaches the robot from left. (a) The variation of
the velocities and angular velocities of the robot’s dofs in null-space with
time using NMPC method. (b) The variation of the real executed velocities
and angular velocities of the robot’s dofs with time using NMPC method.
(c) The variation of the velocities and angular velocities of the robot’s
dofs in null-space with time using artificial potential field based method.
(d) The variation of the real executed velocities and angular velocities of
the robot’s dofs with time using artificial potential field based method.
(e) The variation of the velocities and angular velocities of the robot’s
dofs in null-space with time using foliation based RRT method. (f) The
variation of the real executed velocities and angular velocities of the
robot’s dofs with time using foliation based RRT method.

The volatilities of velocities can be represented as accel-
erates and angular accelerates, and the larger the acceler-
ates and angular accelerates are, the bigger forces would
be given. Figure 13 and 15 show the accelerates and angular
accelerates of the robot base while people approaching them
from back and left. In Figure 13, in the scene that people
approaches the robot from back, the largest absolute value
of accelerate ax of NMPC is 1.90 m/s2 in 0.4 s, the largest
absolute value of accelerate ax of APF is 3.94 m/s2 in 0.5 s,
and the largest absolute value of accelerate ax of FRRT is
3.18 m/s2 in 0.9 s, the largest absolute value of accelerate ay
of NMPC is 0.47 m/s2 in 0.6 s, the largest absolute value of
accelerate ay of APF is 1.37 m/s2 in 0.8 s, and the largest
absolute value of accelerate ay of FRRT is 2.83 m/s2 in 0.9 s,
the largest absolute value of angular accelerate aα of NMPC
is 4.22 rad/s2 in 0.4 s, the largest absolute value of angu-
lar accelerate aα of APF is 6.64 rad/s2 in 0.8 s, and the
largest absolute value of angular accelerate aα of FRRT is
3.84 rad/s2 in 0.4 s. In Figure 15, in the scene that people
approaches the robot from left, the largest absolute value
of accelerate ax of NMPC is 0.47 m/s2 in 1.1 s, the largest
absolute value of accelerate ax of APF is 1.07 m/s2 in 0.9 s,
and the largest absolute value of accelerate ax of FRRT is
4.04 m/s2 in 0.1 s, the largest absolute value of accelerate ay
of NMPC is 0.26 m/s2 in 1.3 s, the largest absolute value of
accelerate ay of APF is 0.55 m/s2 in 1.6 s, and the largest
absolute value of accelerate ay of FRRT is 2.20 m/s2 in 1.4 s,

FIGURE 15. People approaches the robot from left. (a) The variation of
the real executed accelerates and angular accelerate of the robot base
with time using NMPC method. (b) The variation of the real executed
accelerates and angular accelerate of the robot base with time using
artificial potential field based method. (c) The variation of the real
executed accelerates and angular accelerate of the robot base with time
using foliation based RRT method.

the largest absolute value of angular accelerate aα of NMPC
is 0.26 rad/s2 in 1.6 s, the largest absolute value of angular
accelerate aα of APF is 0.43 rad/s2 in 0.9 s, and the largest
absolute value of angular accelerate aα of FRRT is 8.09 rad/s2

in 0.1 s. So in summary, the FRRT method and the APF
method have a larger accelerate and angular accelerate of
robot base than the NMPC method. As the mass of robot
base is very large, the difference of forces and torques would
be very large too. So choosing NMPC method would reduce
the wear and prolong the service life of the robot’s electrical
machines.
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IV. CONCLUSIONS AND FUTURE WORK
This paper proposes a Nonlinear Model Predictive Control
method for dynamical obstacle avoidance of task-constrained
mobile manipulation. This method constructs a new model
which combines the change law of inverse of distance
between the robot and the obstacles with the original kine-
matical equation of the robot. This model can fit the object
optimization object function of NMPC, and can be optimized
by ACADO tool kit. Using the optimized result, the velocity
control rule can drive the robot to avoid moving people
while maintain the robot end fixed on the working position
at the same time. For comparison, the artificial potential
field based method and the roliation based RRT method
are used to realize the same tasks. But the results shows
that the NMPC method has a better dynamical stability than
the artificial potential field based method, because using
the NMPC method, the accelerates and angular accelerate
of the robot base are smaller than the APF method and the
FRRT method. In the scene that people approaches the robot
from back, the maximum acceleration of base in the x direc-
tion is only 1.90 m/s2, the maximum acceleration of base
in the y direction is only 0.47 m/s2, the maximum angular
acceleration of base is only 4.22 rad/s2. And in the scene
that people approaches the robot from left, the corresponding
values are 0.47 m/s2, 0.26 m/s2 and 0.26 rad/s2. Choosing
NMPC method would reduce the wear and prolong the ser-
vice life of the robot’s electrical machines. So the NMPC
method will be a good method to improve the collaboration
performance of mobile manipulator.

The task scene in this paper is end fixed constrainedmotion
planning. In the future, the method can be extended to the
scene that the robotic arm end move on an arbitrary specified
trajectory. And the NMPC method would be verified in more
scenes.
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