
  

 

Abstract—This paper presents a real-time motion planning 

and control design of a robotic arm for human-robot 

collaborative safety. A novel collision-free motion planning 

method is proposed not only to keep robot body from colliding 

with objects but also preserve the execution of robot’s original 

task under the Cartesian constraint of the environment. 

Multiple KinectV2 depth cameras are utilized to model and 

track dynamic obstacles (e.g. Humans and objects) inside the 

robot workspace. Depth images are applied to generate point 

cloud of segmented objects in the environment. A K-nearest 

neighbor (KNN) searching algorithm is used to cluster and find 

the closest point from the obstacle to the robot. Then a Kalman 

filter is applied to estimate the obstacle position and velocity. 

For the collision avoidance in collaborative operation, attractive 

and repulsive potential is generated for robot end effector based 

on the task specification and obstacle observation. Practical 

experiments show that the 6-DOF robot arm can effectively 

avoid an obstacle in a constrained environment and complete 

the original task. 

I. INTRODUCTION 

In recent years, the development of collaborative robots 
(Cobots) has grown rapidly for many industrial automation 
applications. A new standard ISO/TS 15066 [1] has been 
announced to specify safety requirements about collaborative 
robotic systems. A flexible and reactive safety control design 
is essential for the coexistence of human operator and robot in 
the same workspace. A representation of environmental 
information is required to generate a fast reactive motion for 
obstacle avoidance. However, 3D environmental perception 
and motion planning in a dynamic environment are 
challenging problems for real-time robot control. Furthermore, 
the collision-free motion planning should consider the 
environmental constraints when the end effector moves to 
avoid dynamic obstacles in order to prevent robot links and 
joints from collision with constraints. The robot should 
preserve the end effector trajectory in task space while 
encountering environmental constraints. It is expected to 
restore original robot posture and complete the given task after 
collision avoidance. The real-time motion planning and 
control for a collision-free trajectory in human-robot 
collaborative safety scenarios deserve urgent attention. 

The motion planning for obstacle avoidance has been an  
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active research area in robotics[2]. In [3], a path planning 
method is proposed to give high precision robot motion. 
Rapidly-exploring Random Tree (RRT) [4] and probabilistic 
roadmap [5] are popular methods for planning a collision-free 
path. Huang et al. [6] presented a CT-RRTs algorithm that 
takes time complexity into configuration time space and 
applied Kalman filtering to predict the obstacle’s moving 
trajectory. Jonathan et al. [7] proposed the Batch Informed 
Trees (BIT) to improve the performance of RRT by using 
batches of random samples and defining an implicit random 
geometry graph (RGG). Dynamic Roadmaps (DRM) 
proposed by Leven and Hutchinson [8] increases the online 
efficiency through preprocessing of the classical PRM 
approaches. The approach was further elaborated in [9] to 
include a real-time scale path planning method. Andreas et al. 
[10] used the distance metric to create the roadmap to improve 
the quality and decrease planning time. However, the 
RRT-based methods usually require more computation time 
for finding the best avoidance path, which is not efficient for a 
quick, reactive, and dynamic collision avoidance action. A 
majority approach to real-time motion planning design adopts 
potential field approach[11]-[13]. By using the artificial 
repulsive and attractive force, the motion planner guides the 
robot to reach target position and also avoid obstacles in the 
environment. Iossifidis et al. [14] presented a method that uses 
the tool’s spatial orientation with two heading-direction angles 
to find the avoidance path. Park et al. [15] extended the 
method to protect each link of the robot. 

  Environmental constraints also need to be considered for 
robot task execution, especially during obstacle avoidance. 
Song and Tsai [16] presented a method using Speed Up 
Robust Feature (SURF) to analyze the distribution of objects 
in the workspace of a manipulator for real-time motion 
planning of vision-based grasping task. They proposed to use 
safe index of concentric cylinders for robot workspace to 
prevent each link of the robot from collision. However, the 
concentric cylinder restricts the robot’s pose and decreases the 
robot’s flexibility. Flacco et al. [17], [18] proposed a method 
that directly computes the minimum distance to obstacles in 
the environment based on a depth image. The method can 
quickly generate repulsive action for the end effector as well 
as the robot body. Massimo et al. [19] presented a real-time 
collision check algorithm based on a parallel computation 
architecture using GPU. But the depth camera evaluates the 
minimum distance from only single perspective, which 
sometimes may cause occlusion when persons are behind the 
robot.   

In this paper, we propose a motion planning method for 
robot collision avoidance by using potential field and virtual 
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force constraints for human-robot collaborative tasks. A new 
approach to online joint-level collision-free motion planning 
is proposed for robot body protection.  

II. PROPOSED SYSTEM ARCHITECTURE 

The proposed system architecture is shown in Fig. 1. It 
consists of three parts: (1) a 3D perception and object tracking 
system, (2) potential field generation for collision avoidance 
and (3) online motion planning. In the offline phase, the image 
segmentation procedure stores multiple depth images of the 
environment background for the subtraction and segmentation 
steps. In the online phase, the system will generate objects 
point cloud from the segmented depth image using K-nearest 
neighbor (KNN) algorithm to classify point could into 
different clusters. The method then feeds the observed 
obstacle positions to a Kalman filter to estimate the obstacle 
motion parameters. The potential field algorithm is then 
applied to generate repulsive force according to the minimum 
distance between obstacle and the robot end effector and 
virtual force constraints depending on the environmental 
constraints to the robot body. The online motion planning 
system will generate the collision avoidance trajectory in real 
time in joint-velocity level for the robot to take action. 

III. OBSTACLE PERCEPTION AND TRACKING 

Collision avoidance motion planning for human-robot 
collaborative safety in unstructured environment needs a 
reliable and fast obstacle perception system. The perception 
information is employed to evaluate the minimum distance 
and provide reliable information for collision avoidance 
motion planning. 

A. Depth image segmentation  

For environment depth image segmentation, the extracted 
depth images are only the moving obstacles inside the robot 
workspace. It is needed to remove not only the static 

environment background but also depth pixels on the robot 
itself. In this design, multiple depth images of the environment 
are stored offline first. Because the robot pose is dynamically 
changing, a simple method is to remove a portion of image 
compatible with the actual shape of the robot by calculating 
the robot’s pose using a 3D-model. An efficient method for 
removing dynamic pose changing robot from the depth image  
was adopted using a  URDF model and GPU [20]. Then the 
static background is removed by subtracting the current 
robot-removed depth image and stored depth images to get the 
segmented obstacle depth image as shown in Fig. 2. Further, 
the segmented depth images from different KinectV2 cameras 
are applied to generate obstacle point clouds, which are 
merged together into a single cloud. The voxel grid filter [21] 
is then applied to remove signal noises from sensory data. 

B. KNN point cloud clustering and searching 

Once the obstacle’s point clouds have been generated, 
each point cloud needs to be separated into different individual 
clusters, which accelerates the searching stage for finding the 
closest point to the robot. The methods for classifying point 

 
Fig. 1. System architecture of perception and collision avoidance  

 
Fig. 2. Procedure of depth image segmentation. The input depth image is 

masked by the robot 3D model first. It is then subtracted by the 

offline-stored multiply depth images to extract the obstacle image. 



  

cloud into clusters have been presented in many research 
reports. In our system, K-nearest neighbor (KNN) algorithm is 
utilized to cluster point clouds. Suppose there are 

points
,( , )i i i iP x y z S in each cloud which needs to be 

checked, 1,2,3,...,i k . First,  we set up an empty list of 

clusters C  and queue Q ; second, for every point in the 

cloud iP S , add iP  into current Q  and search for neighbors 
k

iP in the sphere with given threshold and radius thr d . Then, 

check for every point in the neighbor n k

i iP P  . If the point is 

already processed, then it is not added to the queue. After the 
iterative process, the cluster containing the closest point cloud 

to the robot can be extracted. For each point c

iP in the cluster, 

we calculate its distance to the robot and search for the point 
within minimum distance. 

C. Obstacle tracking using Kalman filtering 

Since evaluating the minimum distance directly using the 
closest point’s observed position might be inaccurate due to 
sensory noises. The tracking strategy applies Kalman filtering 
for updating a more reliable and accurate position and velocity 
of the obstacle. In this design, linear motion is adopted as the 
motion model of the obstacle: 
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where 1 1 1,  ,  and k k kx x x    represent the position, velocity, and 

acceleration at instant 1k   , and kx  is the position at instant 

k . After transforming the coordinate frame with respect to the 

robot base frame, the prediction state vector k
X and process 

covariance matrix k
P  can be formulated as 

 
k

k k-1

T

k k-1

X = AX

P AP A + Q
  (2) 

where  k
Q  is the noise covariance matrix and A is the 

transition matrix. From the closest point cloud, the 

measurement (observation) state vector k
Z containing 

position and velocity can be computed from the sensor data as 
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where k
N is the measurement noise. By calculating the 

Kalman gain, the prediction state vector k
X  and the 

measurement state vector k
Z  are utilized to compute the 

updated state vector ˆ
k

X  

 
ˆ

T -1

k k

k k k k

K = P H(HP H + R)

X = X + K[Z - HX ]
  (4) 

where R  is the measurement error matrix of sensor noise and 
H  is the transformation matrix. The updated process 
covariance matrix can be obtained as 

 ˆ
k k

P = [I - KH]P   (5) 

The state vector ˆ
k

X and covariance matrix ˆ
k

P  are updated 

from the output of Kalman filter. Once the position and 
velocity of the obstacle point O is updated, the minimum 

distance between the obstacle point and the point of interest P  
on the robot can be evaluated by calculating the Euclidean 
distance such that   
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Note that the resulting values from (6) are more reliable, 
accurate and less sensible to the noise of the depth camera 
since the position used for evaluating the minimum distance 
has already updates from Kalman filter as shown in (1) to (5). 
Open source software packages were referenced for 
developing above Kinect perception method [25][26]. 

IV. POTENTIAL FIELD 

A potential field is composed of attractive force and 
repulsive force. We propose a design of safe collaborative 
motion planning by applying the attractive force for the robot 
to reach the target position and repulsive force to avoid 
obstacle. Therefore, the robot can be attracted to the target 
point even faced with obstacles. In such design, the attractive 
force magnitude is 
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where A  is the maximum admissible magnitude, 
goald  is the 

Euclidean distance between the Cartesian goal point and the 
robot. And the attractive force is expressed such that 
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where goalV  denotes the vector from the robot end effector to 

the goal point.  When the distance reaches , the attractive 

force starts to decrease and become zero when robot reaches 
the goal position.  

On the other hand, once the minimum distance between 
obstacle and robot has been evaluated, the distance can be 
employed to generate repulsive force for the robot. Associate 
to the distance vector from the obstacle O to the point of 

interest P obtained from (6), the repulsive force is defined in 
(9). That is, the direction of the repulsive force is the same 

direction as D(P,O) and the sigmoid function [17] is adopted 

as the magnitude of the repulsive force in this design: 



  

 
Fig. 4. The control points of the manipulator are marked with red center 

surrounded by green sphere envelope. 

 
Fig. 5. When the constraint generates the virtual force influence to the 

control point, the virtual force will decrease the control point’s origin 

velocity in the opposite direction.  
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where R is the maximum admissible magnitude,   is the 

given dangerous region, and   is the shaping factor. The 

advantage of this design is that the repulsive force magnitude 
can be restricted to the desired region and the values will be R 

if || || 0D(P,O) , and approach 0 when the distance reaches 

 . In this design, the point of interest P is set on robot end 

effector so that the end effector can be guided to the target 
position by attractive force and avoids the obstacle by 
repulsive force as shown in Fig. 3. 

V. VIRTUAL FORCE FROM CONSTRAINT  

In this section, a new approach to collision avoidance for 

robot body is presented by using virtual force from constraint. 

In the robot workspace, there are some static or dynamic 

obstacles that can lead to collision with robot body when 

executing tasks, e.g. the supporting table. Another condition 

is when the robot end effector tries to avoid obstacles, it may 

cause robot body colliding with other obstacles in the 

environment. We consider the design using multiple control 

points with given sphere distributed along the manipulator 

structure. Therefore, the robot body is bounded by a sequence 

of spheres whose centers are control points as shown in Fig. . 

Along the robot, obstacles generate virtual force constraint on 

these control points. The main strategy of our design is to 

treat obstacle points as constraints with a virtual force so that 

when the control point is approaching the obstacle point, the 

virtual force will be generated and try to slow down with 

opposite velocity of the control point in Cartesian space. 

For all the control points C along the robot body, we can 

find the critical control point *
C with the minimum 

distance *|| ||
min

D (C ,O)  to the obstacle point O . And the 

magnitude of virtual force constraint can be obtained as 
similar as (10) 
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where  and  have already been explained in (10).  

However, the maximum admissible magnitude of the virtual 
force from constraint is not constant, but dynamically 
changing by the magnitude of the critical control point’s 
original velocity component, so that the virtual force will only 
decrease the original velocity to zero and no further. 
Furthermore, the virtual force is result from the constraint that 
will only generate opposite velocity to the critical control 
point if the direction component of the velocity is opposite to 
the constraint. The scheme of the direction of virtual force 
from constraint generation is shown in Fig. 5. Thus, the virtual 
force can be considered as the decreasing influence of the 
original velocity of the critical control point:  
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where iv  is the original velocity of the control point in the i  

direction and '

iv  is the decelerated velocity component in 

i direction, for , ,i x y z . The decision parameter i  is the 

multiplication result of iv  and 
*

minD (C ,O)  in i  direction.   

VI. COLLISION-FREE MOTION PLANNING 

In this section, a collision-free motion planning strategy is 

proposed to integrate the collision avoidance behavior from 

robot end effector and the robot body to generate a 

collision-free trajectory for the robot, while considering the 

environmental constraints and preserve the desired motion in 

task space. First, the general concept of the motion planning 

algorithm is introduced. Then by utilizing this approach, the 

motion control is generated under joint level velocity for the 

robot to perform collision avoidance. 

 
 

Fig. 3. When an obstacle is moving inside the dangerous region, the 

direction of repulsive force will cause robot end effector to move in the 

opposite direction and avoid collision. 



  

 
Fig. 3. The proposed motion planning design for collision avoidance 

 

A. Joint-level motion planning 

Consider a manipulator with n  joints performing a m  

dimensional velocity task x , with m n . The generic velocity 

in joint space can be computed by using the pseudo-inverse of 
Jacobian: 

 #
q = J x   (13) 

where J is the m n  Jacobian matrix.  

If some joints are constrained with given constrained 

velocity v
q , we can exploit kinematics redundancy and utilize 

other non-constrained joints to generate compensation 

velocity c
q  to preserve the same Cartesian task x  in task 

space. The calculation of compensation velocity is   

 

# '

c

'

v c

q = (JW) x

x = x - J(I - W)q = (JW)q
  (14)  

where I is the identity matrix and the n n matrix 

{ }iidiag WW with 0/1 elements is applied to specify which 

joints are constrained joints and compensation joints: 

if 0iiW  , then the joints are compensation joints and 

1iiW  denoted constrained joints.  

B. Motion planning of collision avoidance 

Once all the collision avoidance behaviors are obtained 
from robot end effector and robot body, our design starts to 
combine the potential force and the virtual force constraint as 
shown in Fig. 6. The planning strategy as mentioned above is 
to move the robot in the joint space without affecting the 
motion in the task space. In other words, our approach 
generates joint velocity for robot body for collision avoidance 
while exploiting kinematics redundancy to preserve the 
desired end effector motion in task space by using other 
compensation joints. Without loss of generality, we consider 
the robot to be controlled under joint velocity command. The 
generic motion task for the robot is given by the potential force 

( )p EEF P  which is composed of attractive force ( )p EEF P   and 

repulsive force ( )r EEF P , so the effector’s velocity in Cartesian 

space can be represented as e
x . The joint velocity by 

pseudo-inverse Jacobian is obtained 

 #

e e
q = J (q)x   (15) 

For the robot body, first, a virtual force is generated by 

critical control point in (11) and the constrained velocity vx is 

obtained in Cartesian space. Second, all the joints supporting 

the motion primitive of the control point become constrained 
joints and the other non-constrained joints become 

compensation joints. The constrained joint velocity 
v

q  can be 

calculated as 

 #

v V c v V C
q = J (q )x ,   J = (J | O)  (16) 

where C
J  is the associated (partial) Jacobian of the 

constrained joints and the zero matrix in V
J is to keep the 

column rank having the same dimension as constrained 

velocity v
q . In order to preserve the robot motion e

x  in task 

space, (14) is applied here to obtain c
q  
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where the parameters were already explained in (14). Finally, 

the new joint velocity *
q  is obtained by adding up the 

constrained velocity 
v

q and compensation velocity
c

q : 

 *

v 
c

q q q   (18) 

This approach allows the robot motion to preserve the end 
effector motion in task space while avoiding the collision for a 
robot body.  

VII. EXPERIMENTAL RESULTS 

In this section, several interesting experimental results are 
presented to examine the proposed method. The experimental 
setup consists of a Techman TM5 manipulator with 6n   

revolute joints, executing the tasks that are defined only using 
the Cartesian position of its end effector, which has the 
dimension 3m  . While the manipulator performs the task, 

unknown dynamic obstacles, including a human, enter its 
workspace. The robot was controlled with a cycle time 25 ms 
and the workspace was surrounded by two Microsoft 
KinectV2 depth sensor mounted separately, similar to the 
Kinect sensors setup in [22]. One KinectV2 depth sensors was 
positioned at a horizontal distance of 3.6m and height of 
1.38m and the other is positioned at a horizontal distance of 
2.5m and height of 1.39m w.r.t. robot base frame, which is the 
reference frame to align two KinectV2 sensors. The proposed 
motion planning system was implemented in Robot Operating 
System (ROS) of Ubuntu 14.04 and using Reflexxes Motion 
Library [23], [24] as an interface to generate a smooth 
trajectory in low-level motion control to overcome jerky and 
unsmooth motion behavior.  

A. Experiment of Virtual Force from Cartesian Constraints 

The purpose of this experiment is to verify the capability of 

proposed method of virtual force from constraints. In this 

experiment, simulation results are presented first and practical 

implements validate the simulations. The basic manipulator 

task was to continuously move the end effector through six 

Cartesian points that form a hexagon trajectory in the Y-Z 

plane defined by X=0.6m. The radius of the sphere at each 

control point was 0.3m, the maximum velocity of the robot 



  

 
(a) (b) (c) (d) 

Fig. 4. Experiment 2: Collision avoidance on physical robot with dynamic 

moving human body as obstacle. The sub-row are same visualization tools in 

Experiment1. 

 

 
(a) (b) (c) (d) 

Fig. 10. Experiment 1: Collision avoidance with a moving obstacle. The 

sub-row are snapshots from Rviz to visualize the experimental result in 

real-time. The obstacle point (red) is tracked by the proposed system and 

marked on the point clouds (white). The trajectory (green) of the end effector 

is real-time visualized. 

end effector was 0.1m/s. In this experiment, the robot 

supporting table was setup as the environmental constraints 

to the robot. While the robot was executing the given task, the 

elbow, i.e. the 3rd joint, may had the potential danger to hit the 

table. The executed trajectories of end effector and elbow are 

shown in Fig. 7 for both with and without using the proposed 

method. In both cases, the task was correctly executed, and 

the Cartesian constraint was satisfied when taken into account. 

The recorded trajectory of elbow height is shown in Fig. 8. 

By using the proposed method, the elbow was kept moving at 

a safe vertical level, which is higher than the table, while 

completing the given task. But we see that the one without 

using the algorithm, the elbow will collide into the table. 
The practical experiment was performed with the same 

task trajectory and parameters as in  the simulation. During the 
experiment, the control point located around robot elbow is 
the one with the minimum distance to the table. With the 
proposed method, 1st and 2nd joints become constrained joints 
and 3rd to 6th joints are compensation joints. Therefore, the 
compensation joints generate corresponding joint velocity to 
allow the robot to complete the given hexagon trajectory, 
while preventing the elbow from colliding into the table. The 
recorded joint velocities are shown in Fig. 9.  

B. Experiment of Collision Avoidance 

The purpose of this experiment is to verify the capability 
of the proposed collision avoidance motion planning 
algorithm in a dynamic changing environment. The following 
experimental results are presented in the accompanying video 
clip. The parameters used for the end effector repulsive 

actions are 0.3r  m, 8r   and 0.5R  m/s. For the 

attractive force we used 0.4a  m and 0.1A   m/s. In this 

experiment, the same hexagon trajectory was given for the end 
effector. Two different scenarios are presented to highlight the 
feature of the proposed method. In the first 
scenario(Experiment 1), as shown in Fig. 10(a)-(d), a human 
entered robot workspace and tried to touch the end effector 
with an object. The closest point of obstacle point cloud was 
found and the minimum distance between end effector and the 
closest point was evaluated at a frame rate, allowing the robot 
to perform an immediate repulsive reaction. The end effector 
trajectory was modified by the repulsive force when the 
obstacle approached, and the robot resumed back to original 
task trajectory as the obstacle left the dangerous region.  

Fig. 11 shows the experimental results of collision 
avoidance with dynamically moving constraints in 
environment (experiment 2). As shown in Fig.  11 (a), the 
manipulator executed the desired Cartesian hexagon task, 
while an obstacle appeared in the workspace. The closest 
obstacle point was tracked and virtual force was generated to 
influence the critical control point and prevent the robot from 
collision. As shown in Fig.  11 (b)(c)(d), the proposed motion 
planning method exploited task redundancy to generate the 
compensation velocity due to the constraint velocity. 
Therefore, with the new generated joint velocities, the robot 
reconfigured its posture so as to continue successfully 
avoiding the constraint while preserving the desired end 
effector trajectory. Table 1 shows the error between the 
desired (reference) hexagon trajectory and the recorded 
trajectory. The max. translational error is less than 1.667 mm. 

 
 

Fig. 7. End effector trajectory (red) and elbow trajectory with (green) and 
without (brown) using the proposed method to perform the same 
hexagon Cartesian task.  

 

Fig. 8. Elbow height trajectory of Fig. . The one without constraint 

consideration will exceed the horizontal height of the table to cause a 

crash. 

 

 

 
Fig. 9. The variety of joint velocity in each joints during the physical 

robot experiment 

 



  

 
(a) (b) (c) (d) 

Fig. 11. Experiment 2: Collision avoidance of robot body with a dynamic 

moving object.  

 

Table 1. Maximum and average trajectory error in task space. 

Error X (mm) Y (mm) Z (mm) Translation (mm) 

Max. 2.2 0.7 2.5 1.667 

Average 0.187 0.156 0.266 0.206 

 

 VIII. CONCLUSIONS 

This paper proposes a real-time collision-free motion 

planning and control design for human-robot collaborative 

safety. By exploiting multiple depth sensors surround the 

robot workspace, the proposed method can track obstacles in 

real time and calculate the distance between obstacle point 

and the robot. The online motion planning algorithm allows 

the robot to generate a collision-free behavior based on the 

proposed potential field algorithm. For robot body collision 

avoidance in the environment with Cartesian constraint, the 

virtual force is generated from critical control points on the 

robot body to avoid collision. The experiments show that the 

robot can effectively avoid the collision while preserving the 

original trajectory in the task space. In the future, more effort 

will be concentrated on the safety design of robot working 

collaboratively with humans for various practical 

applications. 
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