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Abstract: In this paper, we propose a novel scheme for real-time motion planning of a
collaborative robot that assists its fellow human worker in performing assembly tasks by
delivering parts and tools to the worker. In the proposed scheme, the delivery position of the
parts and tools is determined first, based on a cost function relating to the safety, visibility, and
arm comfort terms of the worker by solving the non-convex optimisation problem in real-time
using a random sampling-based algorithm in the vicinity of the worker’s current position. Then,
model predictive control (MPC)-based trajectory planner directly generates a collision-free robot
trajectory from the current robot configuration to the delivery configuration under velocity and
acceleration constraints of the robot. The proposed motion planning scheme is implemented in
the actual collaborative robot system and the effectiveness of the proposed scheme is illustrated
experimentally.
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1 Introduction

Collaborative robots are used in the industry to assist human
workers and improve their productivity in performing tasks
that cannot be automated easily using industrial robots.
ISO 10218-1 (2011) and ISO 10218-2 (2011) standards
were issued for making the use of robots in human
environments possible without isolating the robots from
human workers by amending the original ISO standard
10128. The amendment of the ISO standard has enabled
system integrators to build more flexible and efficient
systems assuming collaboration of the human workers and
the robots. Today, major robot manufacturers are producing
their own collaborative robots, and these robots are being
used in many industries.

A collaborative robot system, PaDY (in-time parts/tools
delivery to tou robot) has been developed to reduce the
load of the human worker and improve productivity by
delivering parts and tools to the worker in the automobile
assembly processes in Kinugawa et al. (2010). The
efficiency of the delivery task has been further improved by
the predictions of the worker’s movements in Tanaka et al.
(2012). The prediction-based concept has been enhanced by
developing a new motion planning system which calculates
the motion trajectory taking the uncertainty of prediction
into account in Kanazawa et al. (2019).

This system allows the robot to deliver parts and tools
without unnecessary waiting time at the delivery position
while avoiding contact with workers moving around in
the workspace. However, the human worker cannot always
repeat the same motion. Since the delivery position is
determined heuristically based on the pre-planned work
schedule of the human worker in Tanaka et al. (2012)
and Kanazawa et al. (2019), therefore the optimal delivery
position may be different from the heuristically determined
position. This could prevent the worker from smoothly
carrying out the task after receiving the parts and tools
from the robot. To further improve the efficiency of the

collaborative work, the robot needs to deliver the parts and
tools to an optimal position for the worker.

Several studies have addressed the issue relating to the
optimal delivery position from the human robot interaction
(HRI) perspective. Mainprice et al. (2011) proposed the
path planner to reach the delivery position selected based
on the cost map using constraints such as visibility, safety
and arm comfort by solving a cost function using a random
sampling method.

This concept was applied to the robot-human handover
problem. Vahrenkamp et al. (2016) determined the handover
position to reduce the path length and energy consumption
in an interaction workspace of a robot and a human. Aleotti
et al. (2014) presented a novel system for robot-human
handover that maximised user’s convenience defined by the
orientation of the object. Cakmak et al. (2011) proposed
the method to decide the delivery position based on
user’s preference. These methods work well in a static
environment where the delivery position does not vary for
the robot.

Under the assumption that the human could not
repeat the same movement, the trajectory needs to be
planned for the observed human motion in real-time. This
trajectory planning can be done by solving a nonlinear
optimisation problem defined by a cost function related
to HRI as a function of the human motion. The random
sampling-based path planning used in Mainprice et al.
(2011) and Vahrenkamp et al. (2016) solves a nonlinear
optimisation problem defined by the cost function related to
HRI and has been applied to actual collaborative systems
such as Li and Shah (2019) and Wei and Ren (2018).
However, the trajectory of the robot along the planned path
needs to be generated to control a robot.

Several local optimisation planners such as Ratliff
et al. (2009) and Schulman et al. (2013), and global
optimisation planners such as Kim and Lee (2015) and
Andersson et al. (2016) have been proposed to compute
trajectories directly by solving optimisation problems. The
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local optimisation planners struggle to effectively solve
the nonlinear optimisation including HRI-based costs.
The global optimisation planners are computationally too
expensive to have a solution in real-time.

In this paper, we propose an alternative real-time motion
planning scheme considering the HRI-based cost function.
The contributions of this paper are summarised as follows:

1 Estimation of an optimal delivery position is
formulated as a non-convex optimisation problem
with a cost function defined by analytical
representation of HRI constraints.

2 A real-time robot trajectory planning scheme is
proposed by combining a sampling-based local search
method for the non-convex optimisation problem and
an MPC-based direct trajectory planning method.

3 The proposed method plans a collision-free trajectory
under robot velocity and acceleration constraints.

4 Experimental results illustrate that the proposed
system can be applied to real delivery tasks in an
automotive assembly process.

The rest of the paper is organised as follows. Section 2
provides the architecture and the details of the proposed
motion planning system. Section 3 describes the
experimental results. Section 4 concludes the research.

2 Proposed motion planning scheme

The system architecture of the proposed scheme is shown
in Figure 1. The scheme consists of two parts, i.e.,
delivery position determination, and trajectory planning.
The delivery position determination part calculates a
feasible delivery position based on the human body skeleton
data obtained from the sensor. The robot trajectory planning
part calculates the trajectory from the current configuration
to the goal configuration which is given from the delivery
position determination part. A model predictive control
(MPC) scheme is used to plan the robot trajectory. The
robot is controlled along the trajectory by a robot motion
controller.

2.1 Delivery position determination

Human body skeleton data obtained from the sensor is used
to calculate the HRI cost function relating to visibility,
safety, and arm comfort. The concept of the HRI cost
function has been previously proposed in studies such as
Mainprice et al. (2011) and Vahrenkamp et al. (2016).
We redefine HRI-related cost function based on the target
scenario.

In the following part of this paper, the sensor coordinate
frame and the human body orientation are defined in a
planer workspace as shown in Figure 2 for the simplicity
of the discussions.

2.1.1 Visibility cost

The visibility cost function is defined to keep the delivery
position within the visual range of the human worker. The
concept of the visibility cost has been proposed by Sisbot
et al. (2007a) for planners of mobile robots. We assume
that the human gazes at the robot without rotating his/her
head and define the cost function as a function of the body
orientation.

To calculate the visibility cost of the worker, the system
needs to derive the body orientation. Let θbody be the
body orientation of the worker in the sensor coordinate
ΣSensor. As shown in Figure 2, θbody is defined from the
worker’s left shoulder position plsh = (xlsh, ylsh) and the
right shoulder position prsh = (xrsh, yrsh) as

θbody = −tan−1

(
xlsh − xrsh

ylsh − yrsh

)
(1)

Using this body orientation θbody, the visibility cost CV

for the delivery position pdel = (xdel, ydel) is calculated as
follows:

CV =
1

2
kv ∗ (∆θdel−body)

2 (2)

∆θdel−body = −tan−1

(
xdel − xbody

ydel − ybody

)
− θbody (3)

where pbody = (xbody, ybody) is the centroid of the worker’s
body and kv is a weighting factor. An example of the
visibility cost function is shown in Figure 3 where red
circles indicate the positions of human shoulders.

2.1.2 Safety cost

The safety cost is defined as a function of the distance
between the delivery position and the centroid of the
worker’s body. This function prevents the robot from
colliding with the worker. To ensure collision avoidance
even for the moving worker, the safety cost function is
defined using an artificial potential field proposed by Khatib
(1985). The safety cost is expressed as follows:

CS =

0 if ddel−body ≥ dmax

ks ∗
(

1
||ddel−body|| −

1
dmax

)2

otherwise
(4)

where ddel−body is the distance between the delivery
position pdel and the centroid of the human body pbody.
The cost function CS is zero when the ddel−body is equal to
or larger than dmax, otherwise it becomes positive when the
ddel−body is smaller than dmax. An example of the visibility
cost function is shown in Figure 4.

2.1.3 Arm comfort cost

This cost takes into account the worker’s arm length
and posture to determine the comfortable distance of the
delivery position from the centroid of the human body. The
concept was first introduced by Sisbot et al. (2007b) and
was then refined by Mainprice et al. (2011).
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Figure 1 System configuration of our proposed scheme (see online version for colours)

Figure 2 Definition of human body orientation in planer
workspace (see online version for colours)

Figure 3 Visibility cost (see online version for colours)

We define the arm comfort as a function of joint angles
of the human arm. The arm posture is estimated using
human skeleton data obtained by the sensor. Although the
human arm is considered as 4 degrees of freedom (3 in
the shoulder, 1 at the elbow), the arm posture is estimated
assuming the elbow angle is a constant as written in Kashi
et al. (2012). In this paper, the average of the elbow angle
observed during reaching motions is used as the constant.
In addition, the height of the delivery position is assumed

constant and determined based on the position of the robot’s
end effector of our experimental system, PaDY, which is a
2 DOF planer manipulator.

Figure 4 Safety cost (see online version for colours)

Using these assumptions and the inverse kinematics, the
posture of a human arm h is calculated as a 4-dimensional
vector. The cost function for the arm comfort CA is the sum
of three functions as

CA = CA,r + CA,l (5)
CA,∗ = Ca1,∗ + Ca2,∗ + Ca3,∗, (∗ = r or l) (6)

Note that CA,∗ is calculated for both a right arm and a left
arm. The first term Ca1,∗ calculates the distance in the joint
space between the current worker’s arm posture hcur,∗ and
its resting posture hrest,∗. The first term is expressed as

Ca1,∗ = ka1 ∗
N∑
j=1

(
hrest,∗,j − hcur,∗,j

hrange,∗,j

)2

(7)

where ka1 is a weighting factor and N is the degrees of
freedom of the human arm, that is, N = 4, and hrange,∗,j
is the movable range of jth joint (j = 1, ..., 4).

The second term Ca2,∗ is designed to keep the delivery
position away from the joint limits of the human arm. By
considering the mean posture hmean,∗ based on both the
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upper limit hmax,∗ and the lower limit hmin,∗ for each joint
of the human arm, the second term is expressed as

Ca2,∗ = ka2 ∗
N∑
j=1

(
hmean,∗,j − hcur,∗,j

hrange,∗,j

)2

(8)

where ka2 is a weighting factor.
The third term is related to the dominant hand, i.e.,

whether the worker prefers to use his/her right hand or
his/her left hand. Note that the worker may be required
to use his/her non-dominant hand because of the kinematic
constraints the robot and the delivery point. To reduce
the opportunity to use the non-dominant hand, the third
term puts a penalty on the delivery position using the
non-dominant hand. The third term is represented as follows

Ca3,∗ =

{
0 if ∗ = dominant hand

kp if ∗ = non− dominant hand
(9)

where kp is the penalty for using non-dominant hand.

2.1.4 Calculation of delivery position

The optimal delivery position pdel,opt is calculated based
on the following cost function:

Cost(pdel) = CS(pdel) + CV (pdel) + CA(pdel) (10)

The non-convex optimisation of equation (10) is solved
by a random sampling-based approach. We adopt the
transition-based rapidly-exploring random tree (TRRT)
proposed in Jailet et al. (2008) to solve this problem to
avoid the local minima. Although this method is originally
intended for path planning, we only use it to find the
optimal solution in the vicinity of the worker. This provides
a fast global optimal solution, which is input to the direct
trajectory planner as a goal position (see Section B).

The pseudo code for delivery pose determination
algorithm is shown in Algorithm 1. First, a random position
prand is sampled from the sampling area Snear which
is calculated by pworker and rsample. Then, the current
solution pcur is moved by a small value delta in the
direction of the sampled position prand. Next, a transition
test proposed in Jailet et al. (2008) is performed using
the cost of the current solution Costcur and of the new
solution Costnew and the distance dnew−cur between pcur

and prand. If the conditions of the transition test are met,
the new solution is adopted as the current optimal solution.
After repeated calculations, the final calculated solution is
adopted as the optimal solution pdel,opt.

Algorithm 1 Delivery position determination using TRRT
Input: Current worker’s position pworker ,

Sampling range rsample,
HRI cost function Cost(pdel),

Output: Optimal delivery position pdel,opt

1: Set the sampling area Snear using pworker and rsample

2: pcur ← Sample(Snear)
3: Costcur ← Cost(pcur)
4: Counter ← 0

5: while Counter ≤ Countermax do
6: prand ← Sample(Snear)
7: pnew ← pcur + δ(prand − pcur)
8: Costnew ← Cost(pnew)
9: if TransitionTest(Costnew, Costcur, dnew−cur) then
10: pcur ← pnew

11: Costcur ← Costnew

12: Counter ← 0
13: else
14: Counter ← Counter + 1
15: end if
16: end while
17: pdel,opt ← pcur

18: return pdel,opt

2.2 Trajectory planning

As a direct trajectory planner, we adopt the planner based
on a receding horizon strategy, MPC. The concept of
the receding horizon is widely used in real-time robot
applications, such as task-parameterised motion planning in
Calinon et al. (2014), haptic assistance in Hernández et al.
(2012), physical human-robot interaction in Tonietti et al.
(2005), and multi-agent motion planning in Du Toit and
Burdick (2012).

The cost function used for MPC consists of a terminal
cost and a stage cost. The terminal cost only considers the
desired terminal state of the robot. The stage cost considers
the state of the robot along with the robot trajectory
from the current configuration to the goal configuration.
A unique part of the proposed system is that the delivery
position determined by minimising the HRI cost function
is used for the terminal cost. This strategy generates a
trajectory that reaches the delivery position based on the
HRI cost in real-time.

The cost function J optimised in the proposed planner
is expressed by the following equation:

J = φ(q(t+ To))

+

∫ t+To

t

(L1(q̇(k)) + L2(q(k))) dk (11)

where To is the trajectory length, q = (θ, θ̇)T is the
state vector of the robot, θ = (θ1, θ2, ..., θNj )

T is a vector
composed of joint angles of the manipulator and Nj is the
degrees of freedom of the manipulator. φ(q(t+ To)) is the
terminal and is expressed as

φ(q(t+ To)) =
1

2

(
FKNj (q(t+ To))− xdel

)T
R
(
FKNj (q(t+ To))− xdel

)
(12)

where FKj = (p,v)T is the forward kinematics of the
robot to convert the robot joint state q to the jth joint
position pj and velocity vj in the workspace. In particular,
FKNj

corresponds to the state of the robot’s endpoint.
xdel = (pdel,opt,0)

T is the terminal state based on the
calculated optimal delivery position.
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The stage costs L1(q̇(k)), L2(q(k)) are the stage costs
and expressed as

L1(q̇(k)) =
1

2

Nj∑
j=1

rj(Bvel,j(θ̇j(k)) +Bacc,j(θ̈j(k))) (13)

L2(q(k)) = w

Nj∑
j=1

CS(FKp,j(q(k))) (14)

L1(q̇(k)) is the penalty function to ensure that the robot
moves under the velocity and acceleration constrains.
Bvel,j(θ̇j(k)) and Bacc,j(θ̈j(k)) are expressed as follows:

Bvel,j(θ̇j(k)) =

{
0 (||θ̇j || ≤ θ̇max,j)(
||θ̇j || − θ̇max,j

)2

(||θ̇j || > θ̇max,j)
(15)

Bacc,j(θ̈j(k)) =

{
0 (||θ̈j || ≤ θ̈max,j)(
||θ̈j || − θ̈max,j

)2

(||θ̈j || > θ̈max,j)
(16)

where θ̇max,j is the maximum angular velocity of the jth

joint and θ̈max,j is the maximum angular acceleration of the
jth joint.

L2(q(k)) is the artificial potential to avoid the worker.
As shown in equation (14), the proposed planner includes
the safety cost, equation (4), in the stage costs, because
the safety cost has to be considered in the entire robot’s
operational area. FKp,j is the forward kinematics of the
robot to convert the robot joint angle θ to the jth joint
position pj in the workspace.

Consequently, the optimisation problem to be solved in
this system is formulated as follows:

minimise J

subject to q̇ = f(q,u)

q(t) = qcur

where f is a nonlinear dynamics of the robot, u is a input
vector for the robot and q(t) is the initial state of the
trajectory and corresponds to the robot’s current state qcur.
This formulation means that the calculated trajectory of the
robot is limited by its dynamics and initial state.

By solving this optimisation problem with two equality
constraints, we calculate the optimal state of the robot
at each sampling time of the sensor, that is, the optimal
trajectory of the robot

(
q(t), q(t+1), ..., q(t+To)

)T . This
optimisation problem can be solved by a method proposed
in our previous study (Kanazawa et al., 2019).

3 Experiments

In this section, we evaluate the proposed motion planning
scheme using PaDY as a collaborative robot system
platform. PaDY is equipped with a parts tray and a tool
holder on its end-effector and delivers necessary parts and
a tool to the worker involved in an assembly process of
a vehicle. The worker picks up the parts and/or the tool

from the parts tray and the tool holder delivered close to the
worker, and attaches the parts to their appropriate positions
of the vehicle’s body located overhead of the worker. For
more details, please refer to Kinugawa et al. (2010).

Two sets of experiments are carried out in this section.
In the first set of experiments, the worker stays at a
workplace with different body orientations. We demonstrate
the capability of our system to deliver parts and a tool to the
worker whose orientation changes in every scenario of this
experiment. We compare the results of our proposed scheme
with our previous control scheme without HRI constraints
in Kanazawa et al. (2019).

In the second set of experiments, we perform assembly
tasks for a real vehicle body and evaluate the performance
of the proposed scheme. We compare the results with our
previous scheme without HRI constraints. Two scenarios
are considered; when the worker is always facing the robot
and when the worker is facing away from the robot.

3.1 Experiment 1: motion planning for different worker
orientations

In this experiment, the robot delivers parts/tool to the
worker who is standing at a fixed position in the
workspace. The workspace and the experimental setup for
this experiment is shown in Figures 5 and 6 respectively.

Four scenarios are prepared for this experiment:

A1 when the worker is facing the robot

A2 when the worker is facing away from the robot

A3 when the worker is facing left

A4 when the worker is facing right.

The results of the scenario A1 is shown in Figure 7. This is
the case where the worker is facing the collaborative robot.
We can see that the similar delivery position is calculated
by the proposed scheme to that of the case without HRI
constraints. Figure 8 shows the results of the scenario A2,
in which the worker is facing away from the robot. In this
scenario, the delivery position without HRI constraints is
located behind the worker’s back and the worker has to turn
around every time when he/she receives the parts and the
tool from the robot.

The results of the scenarios A3 and A4 are shown in
Figures 9 and 10 respectively. These figures show similar
results to that of the scenario A2. For the case without
HRI constraints, the worker needs to turn left or right to
pick the parts and the tool from the robot. However, in the
proposed system taking HRI constraints into account, the
robot always delivers parts in front of the worker, close to
his/her dominant hand (the right hand is the dominant hand
for this worker). In these experiments, we can see that the
worker does not need to change his/her orientation in the
workspace to accomplish given tasks by using the proposed
scheme.
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Figure 5 Experiment workspace (see online version
for colours)

Figure 6 Experimental setup for experiment 1
(see online version for colours)

Figure 7 Scenario A1: delivery position when the worker is
facing the robot, (a) previous system (b) proposed
system (see online version for colours)

(a) (b)

Figure 8 Scenario A2: delivery position when the worker is
facing away from the robot, (a) previous system
(b) proposed system (see online version for colours)

(a) (b)

Figure 9 Scenario A3: delivery position when the worker is
facing left, (a) previous system (b) proposed system
(see online version for colours)

(a) (b)

3.2 Experiment 2: motion planning for assisting
automobile assembly tasks

We demonstrate the effectiveness of the proposed scheme
in the following two scenarios:

B1 the worker performs his/her tasks facing the robot

B2 the worker performs his/her tasks facing away from
the robot.

Figure 10 Scenario A4: delivery position when the worker is
facing right, (a) previous system (b) proposed
system (see online version for colours)

(a) (b)

In these two experiments, the robot operates when the
worker needs parts and/or a tool to complete the current
task. After delivering the parts and the tool to the worker,
the robot goes back to its home configuration and continues
to wait there until the worker moves close to the next
working position. In this experiment, we compare the
results of the case without HRI constraints and the proposed
scheme in two scenarios.

3.2.1 Scenario B1

The top view of the experimental setup for this scenario
is shown in Figure 11. The worker performs the following
tasks:

Task 1 Attach four plug holes to the vehicle body.

Task 2 Insert bolt(a) and tighten it using a tool.
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Figure 11 Experimental setup for scenario B1
(see online version for colours)

Figure 12 Using the scheme without HRI constraints in
scenario B1 (see online version for colours)

(a) (b)

(c) (d)

Figure 13 Using the proposed scheme in scenario B1
(see online version for colours)

(a) (b)

(c) (d)

We have conducted this experiment for both the case
without HRI constraints and the case using the proposed
scheme. The results using the scheme without HRI

constraints are shown in Figure 12, and the results using the
proposed system are shown in Figure 13.

Figure 14 Experimental setup for scenario B2
(see online version for colours)

Figure 15 Using the scheme without HRI constraints in
scenario B2 (see online version for colours)

(a) (b)

(c) (d)

(e) (f)

This experiment is carried out as follows:

1 The worker performs Task 1 as shown in
Figures 12(a) and 13(a).

2 Then the worker moves towards the location of
Task 2. The robot is always observing the worker’s
location. When the worker’s location reaches within
0.5 meter from the work position, the robot starts to
move towards the worker as shown in Figures 12 and
13(b).
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3 When the robot reaches the calculated delivery
position, the worker picks up the part(s) and/or the
tool from the robot’s parts tray and the tool holder
attached at the end of the arm as shown in
Figures 12(c) and 13(c).

4 The worker attaches the parts to the vehicle body and
accomplish Task 2. The robot returns to its home
configuration and waits there until the worker needs
its assistance in the following task as shown in
Figures 12(d) and 13(d).

For this experiment, the results of the case without HRI
constraints are similar to those of the proposed scheme with
HRI constraints. This is because the worker faces the robot
when he/she receives the part(s) and the tool.

3.2.2 Scenario B2

The top view of the experimental setup for this scenario is
shown in Figure 14. In this experiment, the worker performs
the following tasks:

Task 2 Insert bolt(a) and tighten it using a tool.

Task 3 Insert bolt(b) and tighten it using a tool.

We have conducted this experiment both for the case
without HRI constraints and the case using the proposed
scheme. The results of the case without HRI constraints
and the results using the proposed scheme are shown in
Figures 15 and 16 respectively.

This experiment is carried out as follows:

1 The worker performs Task 3 as shown in
Figures 15(a) and 16(a).

2 The worker moves towards the location of Task 2 as
shown in Figures 15(b) and 16(b).

3 The robot is always observing the worker’s location
and when the worker’s location reaches within 0.5
meter from the work position, the robot starts to move
towards the worker as shown in Figures 15(c) and
16(c).

4 The worker then picks up a bolt from the parts tray
and accomplish Task 2 as shown in Figures 15(e) and
16(e).

5 The robot returned to its home configuration where it
is ready to assist the worker in the following task as
shown in Figures 15(f) and 16(f).

You can see that the selection of delivery position for
the robot has a profound effect on the efficiency of the
worker when he/she is facing away from the robot. Without
HRI constraints, the worker needs to turn around every
time he/she receives the part(s) from the robot in this
scenario, because the worker faces away from the robot
to accomplish the Task 3 and Task 2 in this order. The
proposed system always places the robot’s end-effector in

front of the worker at a comfortable position for him/her
with a safe distance from him. The worker can receive
the part(s) and the tool from the robot quite easily in a
comfortable manner.

Figure 16 Using the proposed scheme in scenario B2
(see online version for colours)

(a) (b)

(c) (d)

(e) (f)

3.3 Discussion

The experimental results show that the proposed scheme
with HRI constraints gives better assistance to the worker
especially when the worker is not directly facing the robot.
Figure 17 shows a calculated cost map in the workspace
around the worker in the scenario B2. You can see that
the proposed system is able to calculate the delivery
position whose cost is less than that of the delivery position
determined by the scheme without HRI constraints. This
means that the robot flexibly adjusts its delivery position
based on the worker’s orientation. Since the worker’s
comfortable body orientation is a personal choice of the
individual worker, therefore the proposed worker-centered
delivery system can be applied to a collaborative work
independent of the worker’s preferences.

Figure 18 shows the trajectory of the calculated delivery
position and robot’s endpoint using proposed system in
the scenario B2. Since the proposed system calculates
the delivery position using the worker’s body skeleton
data obtained in real-time, the delivery position changes
according to the changes in the position and orientation
of the worker. Even if the delivery position changes, the
robot’s position finally converges to the delivery position
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in real-time as shown in Figure 18. You can see that the
proposed method plans the robot motion that converges to
the appropriate delivery position in real-time as the worker
approaches his/her destination.

Figure 17 Comparison of the calculated delivery positions
using the proposed and previous method on the cost
map in scenario B2 (see online version for colours)

Figure 18 Tracking performance of the proposed planner in
scenario B2 (see online version for colours)

4 Conclusions

In this paper, we have proposed a real-time motion planning
scheme that can directly plan the robot trajectory to reach
the feasible and optimal delivery position calculated using
HRI-based cost function.

The proposed scheme consists of the delivery position
determination system and the MPC-based trajectory
planning system. The delivery position determination
system quickly calculates the globally optimal delivery
position from the non-convex HRI cost function by
applying the random sampling-based solver in the vicinity
of the worker. By treating the calculated delivery position
as the terminal cost and the robot’s dynamic constraints and
collision avoidance as the stage cost, the proposed trajectory

planning scheme could generate the robot trajectory that
converges to the dynamic delivery position in real-time.

The proposed scheme was implemented in a
collaborative assembly scenario in which a planer
manipulator assisted the worker’s automotive assembly
tasks by delivering part(s) and/or a tool to the worker.
Experiments conducted on several work scenarios
illustrated that the proposed scheme provides more effective
support than the case without HRI constraints in terms
of the efficiency of collaborative work. We believe that
the proposed scheme is a significant step towards better
collaboration between humans and robots.
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Siméon, T. (2011) ‘Planning human-aware motions using a
sampling-based costmap planner’, in Proceedings of IEEE
International Conference on Robotics and Automation (ICRA),
pp.5012–5017.

Ratliff, N., Zucker, M., Bagnell, J.A. and Srinivasa, S. (2019)
‘CHOMP: gradient optimization techniques for efficient motion
planning’, in Proceedings of International Conference on
Robotics and Automation (ICRA), pp.489–494.

Schulman, J., Ho, J., Lee, A.X., Awwal, I., Bradlow, H. and
Abbeel, P. (2013) ‘Finding locally optimal, collision-free
trajectories with sequential convex optimization’, in Robotics:
Science and Systems, Vol. 9, No. 1, pp.1–10.

Sisbot, E., Marin, L., Alami, R. and Simeon, T. (2007a) ‘A human
aware mobile robot motion planner’, IEEE Transactions on
Robotics, Vol. 23, No. 5, pp.874–883.

Sisbot, E., Marin, L. and Alami, R. (2007b) ‘Spacial reasoning
for human robot interaction’, in Proceedings of IEEE/RSJ
International Conference on Intelligent Robots and Systems
(IROS), pp.2281–2287.

Tanaka, Y., Kinugawa, J. and Kosuge, K. (2012) ‘Motion planning
with worker’s trajectory prediction for assembly task partner
robot’, in Proceedings of IEEE International Conference on
Intelligent Robots and Systems (IROS), pp.1525–1532.

Tonietti, G., Schiavi, R. and Bicchi, A. (2005) ‘Design and control
of a variable stiffness actuator for safe and fast physical
human/robot interaction’, in Proceedings of International
Conference on Robotics and Automation (ICRA), pp.526–531.

Vahrenkamp, N., Arnst, H., Wächter, M., Schiebener, D.,
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