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a b s t r a c t

Human–robot collaboration fully leverages the strengths of both humans and robots, which is crucial
for handling large, heavy objects at construction sites. To address the challenges of human–machine
cooperation in handling large-scale, heavy objects — specifically building curtain walls — a human–
robot collaboration system was designed based on the concept of ‘‘human–centered with machine
support’’. This system allows the handling of curtain walls according to different human intentions.
First, a robot trajectory learning and generalization model based on dynamic motion primitives was
developed. The operator’s motion intent was then characterized by their speed, force, and torque, with
the force impulse introduced to define the operator’s intentions for acceleration and deceleration.
Finally, a collaborative experiment was conducted on an experimental platform to validate the
robot’s understanding of human handling intentions and to verify its ability to handle curtain wall.
Collaboration between humans and robots ensured a smooth and labor-saving handling process.
© 2024 The Author(s). Published by Elsevier B.V. on behalf of ShandongUniversity. This is an open access

article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

In the assembly of building curtain walls, the complex envi-
onmental constraints of construction sites often require multiple
orkers to manually complete the assembly process [1]. Robots
re an ideal solution for such tasks, and it has become an in-
vitable trend to introduce robots to replace traditional handling
ethods.
Traditional robot handling of objects typically involves writing

omplex programs in advance to guide the robot through the task.
lthough this approach can manage basic handling operations,
t often falls short in complex scenarios and tasks. Teaching
obots to learn handling skills [2] are flexible and intelligent
lternative. Robot skill–learning is often achieved through re-
nforcement learning [3,4]. However, reinforcement learning for
ssembly tasks has limitations, such as slow convergence and
engthy computation times. As a result, researchers have increas-
ngly explored imitation learning [5–7]. Several theories have
een widely applied in human–machine skill transfer tasks, in-
luding the Gaussian Mixture Model (GMM) [8,9], Hidden Markov
odels (HMM) [10], and Dynamic Motion Primitives (DMP) [11].
he GMM learns the probabilistic features of multiple training
amples, including time-based and multidimensional inputs. The
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667-3797/© 2024 The Author(s). Published by Elsevier B.V. on behalf of Shandong U

(http://creativecommons.org/licenses/by-nc-nd/4.0/).
HMM is effective for learning various types of trajectories and
is often used for skill reproduction. However, GMM and HMM
struggle to generalize training trajectories to new situations. In
contrast, the DMP theory offers stronger generalization capabili-
ties than GMM and HMM [12,13]. Due to its flexibility, superior
learning, and generalization abilities, DMP has been widely used
to address the robot skill–learning problem.

However, handling skill–learning often prioritizes the robot’s
end-effector position optimization while neglecting speed op-
timization during movement [14]. Therefore, it is necessary to
understand the operator’s intentions during the handling pro-
cess. Additionally, in real-world cooperative transport, operator
intentions can change based on the operating environment, task
conditions, and other influencing factors. The key to effective
human–machine collaboration lies in the robot’s ability to in-
terpret the operator’s motion intentions through sensor data
[15,16]. Traditional force–displacement relationships only pro-
vide a simplistic definition of the operator’s intentions, leading
to issues like limited information, slow response times, and in-
appropriate motion speeds, which increase the risk of damage to
the transported object [17]. Therefore, the robot system must be
capable of learning and understanding a human’s actual target
intentions to successfully perform cooperative handling tasks.
The robot should dynamically adapt to changes in intention in
real time during the skill model’s generalization. By integrating
intention recognition [18,19] into the skill–learning process, the
robot can accurately and quickly follow the operator’s intentions,
niversity. This is an open access article under the CC BY-NC-ND license
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llowing real-time adjustments to the speed of movement. Thus,
efining and accurately understanding human intentions is a
ritical challenge when robots are learning human handling skills.
This study aims to design a human–robot collaborative curtain

all handling system using a skill–learning method. Based on the
oncept of ‘‘human-centered with machine support’’ the robot
erves as the primary load-bearing unit and is guided by an oper-
tor to facilitate curtain wall handling. The operator’s intentions
re detected through a force sensor, and speed control during
kill–learning is achieved by integrating a generalization model
ased on DMP. This approach enhances the stability of the control
ystem and the flexibility of collaborative work, ensuring that the
obot operates smoothly and responsively, thereby making the
urtain wall handling process more efficient and labor-saving. The
rimary contributions of this article are as follows:

(1) A robot system suitable for human–robot cooperative han-
dling is developed based on the ‘‘human-centered with
machine support’’ model.

(2) A robot handling skill–learning method based on the DMP
algorithm is proposed to establish a trajectory learning and
generalization model for the curtain wall handling robot.
This model enables the learning of curtain wall handling
skills and allows for the planning of new motion trajecto-
ries based on the teaching trajectory and new start and end
points.

(3) The operator’s intentions are described by changes in the
robot’s movement speed, the force applied by the operator,
and variations in the impulse. Intention recognition is in-
tegrated into the skill–learning process to allow real-time
speed adjustments, thereby ensuring that human–robot
curtain wall handling is safer and less labor-intensive.
The remainder of this paper is organized as follows: Sec-
tion 2 describes the handling system composition. Sec-
tion 3 describes the proposed method. The experiments
and results are presented in Section 4, and the conclusions
are drawn in Section 5.

. System description

In human–robot collaborative handling operations, variability
n human operators’ intentions can introduce uncertainty, leading
o unstable robot movements. A key challenge is to accurately
escribe and understand human intentions so that robots can
ffectively and smoothly handle heavy objects in a collaborative
etting. This paper focuses on building facades as targets for
perations and designs a human–robot collaborative handling
ystem aimed at achieving facade handling tasks through real-
ime trajectory planning based on an understanding of human
ntentions.

Fig. 1 illustrates the human–machine collaborative curtain
all handling system. The blue lines represent the integration of
uman intentions with the robot’s trajectory model. The orange
ines indicate the integration of the target’s initial and final points
ith the trajectory learning model. The orange lines also show
ata collected from the force sensor and robot, while the blue line
hows the process of generating instructions for the robot. The
omputer uses the information collected from the force sensor
nd robot to interpret human intentions, and it uses data on the
eaching trajectories and starting and ending points to learn and
lan the trajectory. The system comprises three primary modules:
he intent understanding module, executive module, and motion
rajectory planning module.

The intent understanding module collects real-time force data
rom human gripping actions on the curtain wall using a six-axis
orce sensor. The module also reads the motion information of
2

the robot end effector to estimate whether the current human
intention is to accelerate, decelerate, or maintain the current
speed. The sensors are installed on the curtain wall. A Kalman
filtering algorithm is applied to the force sensor data to smooth
out the force curves. The motion trajectory planning module
generates robot motion trajectories at various speeds using tra-
jectory learning and generalization models. The executive module
integrates real-time human intentions with the motion trajecto-
ries to dynamically plan new trajectories, thereby facilitating the
assembly of the curtain wall.

3. Method

3.1. Framework for skill–learning by the robot

The robot handling process with the operator is illustrated in
Fig. 2. The proposed framework includes robot trajectory learning
and generalization based on DMP and human intention under-
standing.

During the learning phase, the robot fits the nonlinear con-
trol terms f using the recorded motion trajectories and obtains
the corresponding weight parameters w. The starting and tar-
get poses are specified for trajectory generalization. The learned
weight parameters w are then incorporated into a nonlinear func-
tion approximation equation to plan a new motion trajectory. The
robot interprets human intentions during the teaching process
and integrates generalized trajectories at different speeds to plan
a new movement trajectory. This approach allows the robot to
perform cooperative handling tasks more efficiently and safely
along the new trajectory.

3.2. Robot trajectory learning and generalization

In human–robot collaborative handling, the robot models com-
plex trajectories with a small set of parameters and generalizes
them by adjusting task parameters to expand its operational skills
for new environments. To enable the robot trajectory learning
model to fit various trajectory shapes, a nonlinear control term
including time is added to modify the trajectory based on the core
dynamic system of the DMP algorithm. This adjustment addresses
the system’s nonlinearity. The proposed robot trajectory learning
and generalization model are illustrated in Fig. 3.

In this model, the robot’s end pose is set as the state variable,
the target pose is the state attractor, and a radial basis function
network is used to describe the nonlinear control term. As shown
in Eqs. (1) and (2):

fp(t) =

∑M
i=1 ωi,pΨi (t)∑M

i=1 Ψi (t)
(1)

fq(t) =

∑M
i=1 ωi,qΨi (t)∑M

i=1 Ψi (t)
(2)

As shown above, p and q represent the end displacement and
otational angle of the robot, i represent the number of radial
asis functions, The parameters ωi,p and ωi,q denote the weight
arameters, fp (t) and fq (t) denote the nonlinear forcing terms

associated with translation and rotation, respectively.
By combining M radial basis functions according to their dif-

ferent weights to form nonlinear functions, the system model
learns and approximates any desired trajectory shape. The pa-
rameters ωi,p and ωi,q represent the weights of the radial basis
function at the sampling point. Through a regression analysis
of the collected teaching trajectory and the assignment of each
weight, the robot trajectory during transport is constructed. The
radial basis function [20] is the Gaussian function for Eq. (3):

Ψ t = exp
(
−h t − c 2) (3)
i ( ) i ( i)
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Fig. 1. Human–machine collaborative curtain wall handling system.
The parameters ωi,p and ωi,q, represent the weights of the ra-
ial basis function at the sampling point; Ψi (t) denotes the radial

basis function; ci and hi are the central position and width of the
basis function, respectively. Each Gaussian kernel function should
be evenly distributed along the time axis. When the number of
radial basis functions is adequate, any complex trajectory can be
fitted by adjusting the center position of each basis function, the
width of the basis function, and its participation weight.

To ensure that trajectories having multiple degrees of freedom
are synchronized in time with the control system, a phase quan-
tity x that is independent of time is used instead of time t , and
the nonlinear forcing terms are rewritten as the separate phase
state functions fp (x) and fq (x).

At the same time, the position and attitude of the starting
point are also considered as factors that affect the nonlinear forc-
ing term p0, and q0 represents the starting state of the robot, given
that the fitting effect of the nonlinear forcing term is poor when
the difference between the initial point and the target point is too
little. The nonlinear forcing terms are shown in Eqs. (4) to (7):

x = e−
αx
τ t (4)

τ ẋ = −αxx (5)

fp(x) =

∑i=1
M ωi,pΨi(x)∑i−1

M Ψi(x)
x(p − p0) (6)

q(x) =

∑i=1
M ωi,qΨi (x)∑i−1

M Ψi (x)
x(q − q0) (7)

The learning model for the robot handling trajectory is then
xpressed as Eq. (8):

ż

ṗ

ϕ̇

q̇

ẋ

⎤⎥⎥⎥⎥⎥⎥⎥⎦
=

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎣

(
αz

(
βz

(
gp − p

)
− z

)
+ fp(x)

)
/τ

z/τ(
αz

(
βz2 log

(
gp ∗ q

)
− ϕ

)
+ fp(x)

)
/τ

1
2
ϕ ∗ q

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎦
(8)
−αxx/τ
3

To improve the adaptability of the robot to a variety of han-
dling tasks, the trajectory is generalized to different starting
points, different ending points, and different traveling speeds
of the robot during movement. First, the motion features are
fitted based on the model parameters learned from the collected
demonstration curtain wall transportation track sample data so as
to generalize to different starting points and ending points. This
is done by setting the new starting point pose p0 and q0 with
the target end point pose gp and gq. The corresponding weights
for each radial basis function are then obtained to establish the
nonlinear forcing terms. Second, the variation of speed during the
handling process is transformed into the effect of regular system
parameters, and a factor ∂ for the speed effect is added to change
the phase attenuation amplitude to realize trajectory generaliza-
tion. The factor for the effect of speed is given as Eq. (9):

ẋ = −
αxx
∂τ

(9)

The factor for scaling speed is denoted as

∂ = r +

∑K
i=1 ∂iΨi(x)∑K
i=1 Ψi(x)

(10)

where r is a constant, ∂i is a weight and Ψi(x) is a radial basis
function. αx is a gain parameter, τ is a time constant. Parameters
αx, ∂ and τ in Eq. (9) affect the speed in trajectory generalization.
By adjusting the values of these parameters, trajectories with
different speeds can be generated to meet the needs. At the
robot trajectory learning stage, the external force term f is mod-
eled based on the robot motion trajectory demonstration data,
so as to obtain the corresponding weight parameters. After the
new starting and ending points are specified, the learned weight
parameters ω are brought into an equation to approximate a
nonlinear function by resetting the canonical system, and a new
transport trajectory is planned.

3.3. Understanding human intent

The intent understanding module is a critical component of
the human–robot collaborative handling system. The robots inter-
act with humans through this module by using sensors to collect
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nd understand the operator’s work intentions. These intentions
hen transformed into robot actions to effectively complete the
ollaborative processing tasks. In this study, we propose a better
efinition of operator intent by analyzing changes in the speed
f the robot and the variations in the forces and force impulses
xerted by operators during the collaboration.
The collaborative handling task described in this paper is

ivided into three distinct phases: initiation, operation, and ter-
ination, as illustrated in Fig. 4. During the initiation phase, the
perator’s intention is to initiate the collaborative handling pro-
ess and accelerate it from a standstill. In this phase, the operator
pplies a force, and the impulse (the first derivative of the applied
orce f ) aligns with the object’s velocity ν. Once the robot’s speed
xceeds 0.25 m/s, it transitions into the operation phase. Here, the
obot must recognize the operator’s acceleration or deceleration
ntentions in real time and generate new motion trajectories
ccordingly. The impulse defines the operator’s acceleration and
eceleration intentions. In the termination phase, the operator
ttempts to stop the cooperative handling process and bring the
obot’s speed to zero. During this phase, the operator applies force

nd impulse in the direction opposite to the object’s velocity ν. s

4

The process is governed by the equation shown in Eq. (11):⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩

v ∗ dfH > 0 ⇒

{
v ∗ fH > 0
v ∗ fH < 0

⇒

{
Operator intention: accelerate
Operator intention: decelerate

v ∗ dfH < 0 ⇒ Operator intention: decelerate
v ∗ dfH ≈ 0 ⇒ Operator intention: constant

(11)

here ν represents the robot’s end-movement speed, fH denotes
the force applied by the operator, and df H is the force impulse
(i.e., the first derivative of the applied force fH ). The operator’s
ntention is categorized as acceleration, deceleration, or constant
peed. By modifying the parameters of the canonical system in
MP, the convergence rate of the system can be adjusted to
eneralize the trajectories at different speeds between the start-
ng and ending points. When the robot’s end-movement speed
nd applied force are below a threshold, the system defines
his period as either the start or end stage, and the next point
s planned based on the original speed trajectory. During the
peration phase, if the product of the speed and force impulse is
elow the threshold, the motion is considered to be at the original
peed, and the next point follows the original speed trajectory.
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Fig. 3. Structure of the multidegree-of-freedom dynamic motion primitive (DMP) model.
Fig. 4. Diagram showing the segmentation of the collaborative task.
f the product of speed and force impulse exceeds the threshold
nd aligns with the direction of velocity, the motion is defined
s acceleration, and the next point is planned according to the
cceleration trajectory. Conversely, if the product is above the
hreshold but opposite in direction, the motion is decelerated, and
5

the next point is planned according to the deceleration trajectory.
By collecting real-time intent data, three generalized trajectories
with different speeds are connected to create a smoother and
more suitable trajectory, enabling more precise and safer control
skill–learning.



F. Li, H. Sun, E. Liu et al. Biomimetic Intelligence and Robotics 4 (2024) 100183

4

4

h
t
t

f
b
o
u
t
u
t
c
c
e
c
o
r
e
i
c
U
o
5
p

4
m

g
w
j
0
0
m

Fig. 5. Experimental platform.
T
T
p

a
t
t
i
e
i

. Experiment

.1. Construction of experimental platform

Fig. 5 illustrates the experimental system for curtain wall
uman–machine cooperative robot handling that was built for
his study. This system includes the intent acquisition module and
he human–machine cooperation control module.

The intention acquisition module includes a six-dimensional
orce sensor, a steel plate, and a handle. The force sensor detects
oth the magnitude and direction of the force applied by the
perator, which is transmitted to the computer via cables. The
pper computer then calculates and sends motion instructions to
he curtain wall-handling robot. The six-dimensional force sensor
sed is the M4313M4B model from Sunrise Instruments, while
he UR5 robot is used for the handling tasks. The UR5 robot is a
ollaborative robot from Universal Robots. The human–machine
ooperation control module consists of the UR5 robot body, an
nd force sensor, a control system, and a teaching panel. During
ollaborative handling, the robot gathers information from the
perator via a force sensor to interpret human intentions. The
obot communicates with the computer through a serial port and
xecutes motion instructions based on the planned trajectories,
ntegrating human intentions into the collaborative handling pro-
ess. The end-load capacity determines the maximum weight the
R5 robot can safely handle without compromising its stability
r safety. Due to the UR5 robot’s maximum end-load capacity of
kg, a steel curtain wall with a side length of 80 cm is used in
lace of a stone curtain wall for the experiments.

.2. Robot trajectory learning and trajectory generalization experi-
ent

To assess the effectiveness of robot trajectory learning and
eneralization, the robot’s movement along a given target path
as tested on the platform. Fig. 6 depicts the robot’s teaching tra-

ectory, with the preset starting point at (−0.126751, −0.630049,
.510334) and the ending point at (0.142561, −0.62661,
.510393), which were used to build the trajectory learning
odel.
 i

6

able 1
rajectory planning experimental data: Fixed starting point and changing ending
oint.
Serial
number

Target ending point Actual ending point Error

1 (0.06845, −0.42873,
0.34407)

(0.06797, −0.42915,
0.34397)

0.277%

2 (0.08845, −0.41373,
0.35407)

(0.08801, −0.41410,
0.35396)

0.152%

3 (0.09345, −0.41873,
0.33907)

(0.09302, −0.41912,
0.33898)

0.097%

First, the position of the starting point (x, y, z) is fixed, and
the target points are set to (0.122561, −0.61661, 0.510393),
(0.192561, −0.61661, 0.510393), and (0.242561, −0.63161,
0.505393). We calculate the trajectory of the transformed target
point, and we calculate the error according to Eq. (12). We then
verify the efficiencies of the robot learning and generalization.

erro =
dis (target point − actual point)

dis (target point − original point)
× 100% (12)

where erro is the defined experimental error, and dis is the
Euclidean distance between two points. The experimental results
are summarized in Table 1 and Fig. 7. The data indicate that
the trajectory learning model effectively learns and reproduces
the teaching trajectory, with a generalization error of less than
0.278%, demonstrating the model’s high accuracy and effective-
ness in trajectory learning and generalization.

Secondly, we assigned the target point (0.27845, −0.42373,
0.34907) to a constant value, and we chose three different start-
ing points: (0.32818, −0.26397, 0.22901), (0.22818, −0.28396,
0.19901), and (0.29818, −0.25397, 0.26901). Experimental results
re shown in Table 2 and Fig. 8. As can be seen from the Table 2,
he experimental error is less than 0.0001%. The robot motion
rajectories that were learned maintained the same trend as sim-
lar teaching trajectories. The error rate is low, which verifies the
ffectiveness of the model. The experimental results are shown
n Table 2 and Fig. 8, which indicate that the experimental error
s less than 0.0001%.
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Fig. 7. Fixed starting point change ending point trajectory planning experiment.
(a) Trajectory in three-dimensional space. (b) Trajectory for each dimension.

Finally, different starting points and target points are set, and
he experimental results obtained are shown in Table 3 and Fig. 9.
s can be seen from Table 3, the error of the motion trajectory
enerated through robot trajectory learning and the reproduction
 g

7

Table 2
Trajectory planning experimental data: Fixed ending point change starting
point.
Serial
number

Target starting point Actual starting point Error

1 (0.32819, −0.26396,
0.22901)

(0.32818, −0.26397,
0.22901)

0.0000958%

2 (0.22819, −0.28396,
0.19901)

(0.22818, −0.28396,
0.19901)

0.0000304%

3 (0.29819, −0.25396,
0.26901)

(0.29818, −0.25397,
0.26901)

0.0000212%

model are both less than 0.07%, and the maximum is 0.0622%,
which indicates small error. The robot motion trajectories that
were learned in the figure maintain the same trend as similar
teaching trajectories. The error rate is low, which verifies the
effectiveness of the model.

4.3. Human–machine cooperative handling experiment

To verify the robot’s ability to recognize human intentions
during curtain wall transportation, we assumed that human in-
tentions were presupposed on the experimental platform shown
in Fig. 5. During the experiment, information about the operator
under the conditions of acceleration, deceleration, and constant
speed was collected, including the operator’s applied force, im-
pulse, and robot end speed, to represent the operator’s current
motion intention (see Fig. 10).

First, the experiment for linear motion in human–machine
cooperative space was carried out. In the simulation of the curtain
wall assembly process, the operator puts the robot in the accel-
eration process when the distance from the installation target
point is far. When the robot is approaching the target point, the
operator puts the robot in the deceleration process. During the
operation phase, we expect that the intention is to accelerate
and decelerate. Linear movement in the X , Y , and Z directions
is carried out. In the X direction, the curtain wall moves from
the starting point (−0.23978) to the ending point (0.01566).
Along the Y -axis, the curtain wall moves from the starting point
(−0.59582) to the ending point (−0.644216). In the Z direction,
he curtain wall moves from the starting point (0.50989) to the
nding point (0.51022). The motion trajectory of the robot during
he process of linear transport is obtained as shown in Fig. 9. A
hange in human intention occurred at time points 167, 130, and
90. The time points are measured in units of 1/150 s. The motion
rajectories of the X , Y , and Z axes show a trend of initial accel-
ration, followed by deceleration. During the acceleration phase,
he generated trajectory generally coincides with the accelerated
rajectory. After the intention has changed to deceleration, the
isplacement trend of the generated trajectory is similar to that of
he deceleration trajectory. It is shown that the errors of the three

enerated trajectories are 0.03377, 0.02377, and 0.2250, which
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T
T

able 3
rajectory planning experimental data: changing starting point and ending point.
Serial number Target starting and ending points Actual starting and ending points Error

1 (0.32818, −0.26396, 0.29901)/
(0.08790, −0.40410, 0.37899)

(0.32819, −0.26396, 0.29901)/
(0.08845, −0.40373, 0.37907)

0.00435%

2 (0.238186, −0.29396, 0.22901)/
(0.05804, −0.42408, 0.38890)

(0.23819, −0.29396, 0.22901)/
(0.05845, −0.42373, 0.38907)

0.00761%

3 (0.30818, −0.27396, 0.24601)
(0.05787, −0.40408, 0.36894)

(0.30819, −0.27396, 0.24601)/
(0.05845, −0.40373, 0.36907)

0.0622%
Fig. 8. Fixed ending point change starting point experiment. (a) Trajectory in
three-dimensional space. (b) Trajectory for each dimension.

meet requirements. It can be seen from the experiment that the
motion trajectory of each axis is divided into two parts: the first
part shows the same trend as the acceleration trajectory, and the
second part shows the same trend as the deceleration trajectory.
The robot recognizes the acceleration and deceleration intentions
during the motion stage.
8

Fig. 9. The starting and ending points change the experiment. (a) Trajectory in
three-dimensional space. (b) Trajectory for each dimension.

During the building construction process, curtain wall han-
dling is not a straight-line movement, so a transport experiment
with multidirectional and curved movement in space is set up to
verify the accuracy of the robot’s understanding of the intention.

We simulated the experiment of human - machine coopera-
tion to transport a curtain wall from the starting point (0.27820,
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Fig. 10. Experiment for linear motion in space. (a) Diagram showing the experimental process. (b) Trajectory showing linear motion.
0.27396, 0.24901) to the target point (0.07846, −0.42374,
.34907). During the entire process of multiple accelerating and
ecelerating movements, there are three intentions to accelerate,
intentions to decelerate, and 7 intentions to maintain constant
elocity in the simulation of the actual handling process. The
xperimental results are shown in Fig. 11.
During the experiment, the acceleration process is set time

onstant τ to 0.7, the deceleration process is set time constant
to 1.3, and the constant speed process is set time constant τ to
.0. By modifying the time parameter τ , the motion speed of the
urtain wall is changed. According to an analysis of force, impulse,
nd speed, the human intention during the motion process is
alculated. The green curve shown in the figure is related to
uman motion intention. The variable on the y-axis indicates the
ntention: a value of 1 represents an intention to accelerate, a
alue of 0 represents an intention to maintain constant speed,
nd a value of −1 represents an intention to decelerate. Through
real-time analysis of movement intention, trajectories for dif-

erent speeds are selected, and the position of the next point is
btained based on the current position.
To provide a clearer representation of the accuracy of the

otion of the robot guided by human intention, we use the
ausdorff distance between the final trajectory and the gener-
lized trajectory to represent the trajectory error. The formula is
xpressed as Eq. (13):

(A, B) = max
a∈A

{
min
b∈B

{d (a, b)}
}

(13)

here A and B are the final trajectory and the generalization
rajectory, respectively. In this study, five human–machine collab-
rative processing experiments were carried out. The initial and
9

end settings were the same for each experiment. The average tra-
jectory error measured in the multidirectional spatial trajectory
collaboration transport experiment was less than 0.00055 m, and
the accuracy of the intention recognition was 100%. Therefore, the
robot was able to identify the operator’s intention and cooperate
with the operator to carry out the handling of the curtain wall.

Traditional curtain wall handling requires at least three op-
erators. The method proposed in this paper requires only one
operator to conduct the intention guidance, and the handling task
is carried out by the robot. The handling efficiency increases by
more than 60% when the number of handlers is reduced from
three to one, compared to the efficiency with three handlers.

5. Conclusions

This paper presents a collaborative handling system for cur-
tain walls that leverages human intention understanding to en-
hance the robot handling skills. The system is designed around
the ‘‘human–centered with machine support’’ concept, employing
trajectory learning and generalization based on DMP to teach
robot handling skills. By integrating human intention into the
handling process, the proposed system effectively combines the
strengths of both the robot and operator. This integration ensures
a smooth, flexible, and labor-saving handling process, resulting in
the accurate and safe completion of curtain wall tasks. Future re-
search directions include optimizing the structure of the handling
process to enhance the efficiency and improve the flexibility of
robots in collaborative handling scenarios.
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Fig. 11. Experiment for actual curtain wall handling.
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