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 A B S T R A C T

This paper presents an efficient method to improve the productivity and the accuracy of human–robot 
collaboration in transporting large, planar, deformable objects, specifically during the production of parts 
made of advanced composite materials. The proposed approach utilises an industrial robot to assist operators 
in transporting and handling carbon fibre and fibreglass plies during draping. A consumer vision system feeds 
a data-driven model that estimates the material’s deformation from depth images. This deformation data, 
transformed into force/torque information via a virtual spring, informs a Human–Robot Role Arbitration (RA) 
algorithm that dynamically adjusts leadership between humans and robots based on context, enhancing safety 
and efficiency. Inspired by game theory, the approach adapts to cooperative and non-cooperative scenarios, 
demonstrating significant productivity gains over traditional algorithms used for the same scope. The paper 
also compares the use of the RA algorithms with the current industrial practice, which relies entirely on 
manual production. Company operators, working in a production site, performed the experimental comparison 
producing a real boat propeller.
1. Introduction

Strategic sectors like aerospace, automotive, and maritime rely on 
advanced composite materials, often using large fabric plies made from 
carbon fibre or fibreglass for structural parts. Production typically 
involves small batches or unique components, particularly in the space 
industry, which limits full automation. As a result, manual labour and 
artisan skills are essential [1]. Robotics can enhance flexibility by as-
sisting operators in manipulating and positioning these bulky plies [2], 
ensuring accuracy while maintaining human supervision to avoid errors 
that could impact the final product’s mechanical properties. Despite 
the great potential of robotics in this application, unaddressed issues 
remain. The robot should know the object’s path or final position 
through signals from the human operator or haptic communication via 
the co-manipulated object. However, manipulating fabric-like objects 
(an example of a planar deformable element) can limit haptic feed-
back since the material’s mechanical properties may prevent standard 
robot end-effector sensors from measuring all applied deformations 
as force/torque. Second, the robot should share the workload with 
the human while allowing for control exchange, enabling continuous 
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1 draping is the process of placing layers of carbon fibre fabric in a mould. During this process, the flat fabric distorts to fit the shape of the mould.

shifts in leader and follower roles [3]. Finally, an issue in manipulat-
ing bulky objects is the rotation–translation ambiguity encountered in 
human–robot [4] and human–human [5] collaborative applications.

The contribution given in this work is fusing the methods pro-
posed in [6] and in [7] to achieve a reliable robotic application for 
the human–robot collaborative transport of fabric-like objects. Specif-
ically, [7] proposed a human–robot RA based on game theory, tested 
on rigid materials and using a Force/Torque (F/T) sensor to measure 
the interaction force. In [6], the authors proposed an indirect measure 
of the human intention during the interaction by capturing images of 
the bent object during the manipulation and adjusting the robot’s path 
accordingly. The paper used a Deep Learning algorithm to estimate the 
material deformation. Such a method also allows manual guidance in 
manipulating objects, avoiding any compression strength. 

The effectiveness of the fusion of [6,7] has been proven in a real 
industrial use case scenario from a company active in composite ma-
terial parts production (draping1 of a sports car hood and spoiler). 
Experiments with seven users involved in a human–robot collaborative 
transport of a carbon fibre ply demonstrated performance improve-
ments in productivity and accuracy compared to a state-of-the-art 
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Fig. 1. Example of human–robot collaborative transport of a carbon fibre ply.

method. Using the proposed method also brought a more repeatable 
process in terms of execution time with a consequent lower variance 
in cycle time. In addition, the paper compared the proposed approach 
with a completely manual task (as is the current industrial production 
process) of producing a boat propeller; in this case, the process required 
the draping of 70 plies involving three company operators without 
specific robotic knowledge. Experiments demonstrated that using the 
robot for collaborative transport brought higher production time but 
reduced the cycle time variance. Using a more mature robotic system 
can reduce the number of operators (i.e., using the robot as an added 
operator) with the benefits of a more repeatable and traceable process, 
which can justify higher production time and the higher cost of the 
equipment.

Our method can easily extend to other fabric-like materials
(e.g., clothing, composite fibres, wrapping materials) and semi-rigid 
objects (e.g., thin foam panels, rubber sheets) and supports operators in 
positioning with extreme precision large carbon fibre plies from picking 
table into a mould during the draping process, still letting the human 
lead the task in most situations. The dimensions of transported plies 
motivate the use of two agents (i.e., the human and the robot), as in Fig. 
1. Humans and robots also have complementary capabilities, such as 
human supervision and reasoning capacity, combined with the robot’s 
repeatability and accuracy.

The paper is organised as follows: Section 2 analyses the related 
works; Section 3 illustrates the theoretical approach; Section 4 de-
scribes the use case and the experimental setup; Section 5 presents 
evaluation indices to measure the framework’s performance and dis-
cusses the results obtained during the experimental sessions; Section 6 
compare the collaborative framework with the manual process during 
the collaborative transport. Finally, Section 7 reports the conclusions 
and the future works.

2. Related works

Using robotics to manipulate deformable objects in industrial ap-
plications is growing [2]. The literature presents several works on 
the topics with a vast variety of applications of different kinds of 
objects treated [8]. The manipulation of fabric-like objects resolves 
around folding fabric [9,10], mostly with applications in the fashion 
industry. Other examples of fabric manipulation with robots involve 
advanced composite materials as in [11,12], where robotics is still 
pioneering. There is still a limited focus on studying robot–robot [13] 
and human–robot collaborative transport of fabric-like objects [14].

The human–robot collaborative transport of bulky fabric-like ob-
jects has great potential for application in producing advanced com-
posite materials [15,16]. This approach exemplifies the Industry 5.0 
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paradigm [17], enabling human-centric production where humans fo-
cus on higher-value tasks while robots provide support. In the litera-
ture, human–robot collaborative transport is mainly dedicated to rigid 
objects exploiting force-based algorithms implementing what is also 
known as manual guidance control where the human guides the robot di-
rectly applying forces (measured with F/T sensors) on the robot itself or 
through the manipulated object [18]. This approach fails with non-rigid 
objects since force torque measurements are unreliable. The human–
robot transportation problem of fabric-like objects is poorly studied; 
currently, two main approaches have emerged for this scenario: human 
motion capture and direct deformation estimation of material. The 
most common method consists of capturing human motion during the 
collaborative transport (i.e., skeleton tracking) with vision systems [16,
19,20] or IMU-based sensors [21] combined with F/T sensors to feed 
impedance/admittance control algorithms. In the case of human mo-
tion capture, with either IMU sensors [22] or cameras [19,20,23,24], 
the positions of points where the material is grasped by both the 
robot and the human are tracked. Tracking these points assumes that 
their positions on the manipulated object are known beforehand or 
detectable. This enables the reconstruction of the material’s shape using 
physics simulation software [19,25]. Otherwise, the relative distance 
between the human and the robot is used as input to the controller [22]. 
Differently in [26], material deformation was estimated using a camera 
(RGB-D camera) to detect visual features (i.e., deformation w.r.t. a rest 
position) on the manipulated material, which are then converted into 
robot commands, avoiding the human position tracking. In [24], the 
authors introduced a motion planner, able to respect safety limits, while 
planning robot trajectories in real-time. The aim is to track human and 
robot movements during the collaborative transport and plan the robot 
trajectory accordingly to human movements.

In every physical Human–Robot Interaction (pHRI) application, a 
crucial aspect is defining the role of the two actors, the robot and the 
human. Indeed, it is typical that one leads the action while the other 
follows, possibly assisting. The robot leading the task is typically used 
for clinical and rehabilitation applications [27,28]. On the contrary, 
the robot is typically a follower providing assistance and empowerment 
to the human in manufacturing applications such as load reduction 
during manual guidance [29,30]. Among others, Game-Theory is an 
increasingly prevalent trend in literature to model the interaction with 
a focus on the pHRI. The concept of Nash Equilibrium (NE) is utilised 
in [31] and similarly in [32], where NE updates the robot’s cost 
function based on the interaction force exchanged with the human. This 
differential non-cooperative Game-Theoretic (GT) modelling approach 
is adopted in [33,34], employing policy iteration to update the robot’s 
cost function like the previous works. An extension to these works 
is [35], which addresses the trajectory tracking problem within a non-
cooperative scenario. Finally, [3] explores the cooperative scenario, 
where the weighting factor is adjusted variably to facilitate the adaptive 
impedance behaviour of the robot.

At the EU level, several research initiatives have been put in place. 
The EU H2020 projects Merging [36] and DrapeBot [37] are pioneering 
actions coping with these challenges in the industrial scenario. The 
project Merging looks at the manipulation of soft and fragile objects, 
exploiting multiple industrial robots, designing new Electro-Adhesive 
(EA) grasping devices, using information from perception systems fused 
with the data from a digital twin to estimate the deformations of 
soft elements [19,38]. The DrapeBot project focuses on the robotic 
manipulation of carbon fibre and fibreglass plies during the draping 
process; in particular, the work [39] highlights the importance of the 
human–robot manipulation when the dimension of the ply requires 
more than one robot.

3. Methodology

We address the collaborative transport of planar deformable objects 
through a general framework, as illustrated in Fig.  2. For the sake of 
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Fig. 2. Control scheme of the collaborative transport framework.
Fig. 3. The robotic cell and its boundaries are defined as collision objects in 
yellow; the gripper is highlighted in blue. (For interpretation of the references 
to colour in this figure legend, the reader is referred to the web version of this 
article.)

clarity, Fig.  2 is a simplified version with only high-level components; 
for the detailed control scheme, refer to Fig.  18 in Appendix. The con-
trol framework is based on two main elements: the role arbitration and 
the deformation estimation modules. The first module is grounded on 
a manual guidance control architecture enhanced with game theory, as 
investigated in [7], allowing dynamic role exchange between humans 
and robots to optimise performance and minimise risks like collisions. 
The second module involves material deformation estimation, utilising 
methods from the previous studies [6,40]. This process starts with 
raw depth images to assess the current deformation of a deformable 
object. The comparison to a desired setpoint reflects the human–robot 
distance from a rest position. Virtual springs were used to turn the 
deformation into a force input for the admittance control, used for the 
robot guidance control. 

3.1. Role arbitration

With RA we refer to the mechanism that assigns the role of leader/
follower to the robot, according to the situation and the human inten-
tions. Given the theoretical approach introduced in [7], we want to 
design a law that allows the robot to be as assistive as possible when 
the human is leading the task far from undesired situations while taking 
control if the human is approaching dangerous situations. Moreover, we 
want the robot to reach the target position with extreme precision for 
965 
manufacturing constraints. Therefore, the robot must also take the lead 
when approaching the target pose. For 𝛼 > 0.5 the robot is assistive, 
and the Cooperative interaction is considered (see [3] for the definition 
of 𝛼). The RA law objective is to define the parameter 𝛼 to achieve 
this behaviour. For 𝛼 < 0.5 the Non-Cooperative interaction model is 
active, and the robot strictly tends to follow its own goal. The value 
𝛼 = 0.5 determines the transition between the Cooperative and the Non-
Cooperative interaction model. The shifting of 𝛼 from 1 to 0 determines 
the modification of the two model parameters to enable a smooth 
transition between them when 𝛼 = 0.5. In this sense, for values of 𝛼 ≈ 1, 
the robot behaviour tends to be assistive and follower, while for values 
of 𝛼 ≈ 0, the robot takes the lead.

In general, undesired situations refer to (i) proximity to joint lim-
its, (ii) low manipulability and singularities, (iii) proximity to obsta-
cles, and (iv) proximity to workspace boundaries. Industrial workcells 
should be designed to avoid most of the undesired situations related to 
bad joint configurations [41], and the arbitration law can be reduced 
to obstacle avoidance and proximity to the target pose. We define two 
indices that measure the distance from obstacles and target pose. Note 
that this simplified formulation can consider any undesired Cartesian 
position, including workspace boundaries, a virtual collision object. 
The distance from the object index is computed as 
𝑑𝑜 = min(𝑟𝑜𝑏𝑜𝑡 − 𝑜𝑏𝑗𝑒𝑐𝑡𝑠). (1)

The distance to the reference target position 𝑑𝑡𝑟𝑔 is measured as the 
Euclidean distance between the current end-effector position and the 
target position of the task (e.g., pick/place pose) 
𝑑𝑡𝑟𝑔 = ‖

‖

𝑥𝑒𝑒 − 𝑥𝑡𝑟𝑔‖
‖

, (2)

with 𝑥𝑡𝑟𝑔 ∈ R3 denoting the target position and 𝑥𝑒𝑒 ∈ R3 denoting the 
end-effector position. The RA law, in the end, measures the distance 
from target 𝑑𝑡𝑟𝑔 as in (2), and the distance from collisions (real and 
virtual) 𝑑𝑜 as in (1). A sigmoid function modulates the two values to 
obtain 𝛼𝑡𝑟𝑔 = 𝜎(𝑑𝑡𝑟𝑔), and 𝛼𝑜 = 𝜎(𝑑𝑜), with 𝜎 denoting the sigmoid 
function. Finally, the parameter 𝛼 is obtained as 
𝛼 = min(𝛼𝑡𝑟𝑔 , 𝛼𝑜). (3)

Note that this is not the only possible choice of 𝛼. The selection of 
the minimum is the most conservative choice over the considered 
situations. Another option could be a weighted sum of the two values. 
The interaction model and its solution are selected according to the 
value of 𝛼. An explicative robotic cell is visible in Fig.  3; the yellow 
walls represent the workspace boundaries as collision objects, while 
the robot gripper is highlighted in blue. Further details on RA, GT 
modelling and the control framework are reported in Appendix. 
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Fig. 4. Human–robot collaborative transportation. (a) Lateral view, highlighting the parameters that compose 𝑇𝐻
𝑅 ∈ R4×4, 𝑇𝐻

𝑅,𝑑𝑒𝑠 ∈ R4×4, and 𝛥𝑇 . For the sake of 
simplicity, rotations have been neglected. (b) Top view, highlighting the definition of the human grasping point 𝐻𝑔𝑝 ∈ R3.
Fig. 5. Layout of uses cases. (a) Use Case 1 (UC1) to manufacture the Dallara ‘‘La Stradale’’ spoiler. (b) Use Case 2 (UC2) for the manufacturing of the Dallara 
‘‘La Stradale’’ front hood.
3.2. Deformation estimation

This section briefly describes the deformation estimation problem 
in collaborative manipulation applications and the solution developed 
in [6,40]. For the sake of brevity, only the theoretical background is 
described. For a deeper analysis, we refer to [6,40].

Consider a deformable material handled by two agents, a human 
and a robot, shown in Fig.  4(a). Denote ℎ𝑟 ∈ R3 and ℎ𝑙 ∈ R3 as 
the human’s right and left hand grasping positions and 𝑅𝑐𝑢𝑟 ∈ R3 as 
the robot’s current grasping point. It was assumed that humans do 
not deform objects between their hands, for example, by spreading 
their arms. Thus, the human grasping point can be described with 
a single arbitrary point 𝐻𝑔𝑝 ∈ R3 between ℎ𝑙 and ℎ𝑟. The object 
shape can be described by the relative roto-translation, defined with 
the homogeneous transformation matrix 𝑇𝐻

𝑅 ∈ R4×4, between the 
robot grasping position 𝑅𝑐𝑢𝑟 and the human holding position 𝐻𝑔𝑝. 
Therefore, the desired shape can be similarly described as the relative 
roto-translation, defined with the homogeneous transformation matrix 
𝑇𝐻
𝑅,𝑑𝑒𝑠 ∈ R4×4, between the robot desired grasping position 𝑅𝑑𝑒𝑠 and the 
human holding position 𝐻𝑔𝑝. 𝑇𝐻

𝑅  and 𝑇𝐻
𝑅,𝑑𝑒𝑠 are respectively described 

by the parameters 𝑑𝐻𝑅 ∈ R6 and 𝑑𝐻𝑅,𝑑𝑒𝑠 ∈ R6, three translations and 
three rotations following the X–Y–Z extrinsic Euler convention. 𝑇𝐻

𝑅  is 
unknown. Thus, the estimated roto-translation 𝑇̂𝐻

𝑅 ∈ R4×4 is defined. It 
can also be described by 𝑑𝐻𝑅 ∈ R6.

A deep learning-based deformation model processes depth images 
from an RGB-D camera on a robotic gripper to estimate 𝑑𝐻𝑅 . This de-
formation model, built on Densenet-121 and trained on various objects 
in the dataset, has a common backbone and a specialised last layer 
for improved transferability. The deformation model takes segmented 
depth images as input. The segmentation process to remove the back-
ground and the person is achieved via a deep learning segmentation 
model based on Unet that was fine-tuned on the same dataset.
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3.3. Virtual wrench and human target estimation

Previous work in [7] relies on force exchange between humans 
and robots, measured through the force–torque sensor. As a fabric-like 
object that can only transfer traction forces, these forces can be applied 
when the fabric is fully extended and under tension, with a real risk 
of damaging the material if excessive force is applied. To overcome 
this issue, a method to estimate a virtual exchanged force 𝑢̂ℎ ∈ R6

was defined based on the measure of material deformation explained 
in Section 3.2. It was defined as a nominal desired distance between 
the human hands and the robot tool, lower than the maximum allowed 
by the material. That distance, called 𝑑𝐻𝑅,𝑑𝑒𝑠 ∈ R6, represents the resting 
distance of the material, which gives the zero-wrench state. This implies 
that the ply, during the co-manipulation, must always be without 
tension. Otherwise, the ply deformation will always be the same for any 
applied force. Therefore, any deformation for such a position is defined 
by the estimated distance between the human and the robot 𝑑𝐻𝑅 ∈ R6. 
The difference 𝛥𝑑 = 𝑑𝐻𝑅 − 𝑑𝐻𝑅,𝑑𝑒𝑠 is the deformation directly related to 
the force the human imposes on the system. Since typically wrenches 
have magnitudes different from the deformations allowed by the co-
manipulated plies, the relative distances are multiplied by a vector of 
gains 𝐾𝑑 ∈ R6 to convert them into wrenches, resulting in 
𝑢̂ℎ = 𝐾𝑑 ⊙ 𝛥𝑑. (4)

The values of 𝐾𝑑 are experimentally identified to let the virtual
wrenches lie in ranges similar to the ones measured via force/torque 
sensors in classical pHRI tasks. In this way, it is possible to tune the 
controller’s parameters with similar values for both rigid and flexible 
objects.

Finally, given the human virtual force, it is necessary to identify 
the human reference trajectory 𝑥̂ℎ,𝑟𝑒𝑓 ∈ R6 to feed the RA algorithm 
(see Fig.  18). Several methods and works investigate this topic [42–46], 
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implementing complex models whose design and training require a lot 
of data. This work defined it as an easy yet powerful update law for the 
desired human motion. The desired human intention of motion 𝑥̂ℎ,𝑟𝑒𝑓
is updated at each cycle by the following 
𝑥̂𝑡ℎ,𝑟𝑒𝑓 = 𝑥𝑡−1ℎ,𝑟𝑒𝑓 +𝐾𝑝,ℎ 𝑢̂ℎ (5)

with 𝑥̂𝑡ℎ,𝑟𝑒𝑓  and 𝑥𝑡−1ℎ,𝑟𝑒𝑓  referring to the updated and previous poses, 
respectively, and 𝐾𝑝,ℎ defines a coefficient proportional to the human 
exerted virtual force.2

4. Industrial use cases and setup

The proposed framework was tested on two similar use cases de-
rived from the automotive industry, specifically the manufacturing of 
the spoiler, namely Use Case 1 (UC1) see Fig.  5(a), and the front hood, 
namely Use Case 2 (UC2) see Fig.  5(b) of the Dallara ‘‘La Stradale’’ 
sports car. A third use case (UC3) will be presented in Section 6. UC3 
involves the production of a boat propeller. The control framework 
and the setup presented in this work will be compared with a manual 
production process.

The spoiler and front hood are made from pre-preg carbon fibre, 
layered into plies with complex shapes. Currently, operators manually 
layup and drape the plies in the mould, with larger ones requiring 
multiple operators. The proposed framework facilitates the collabo-
rative transport of large plies from a picking table, where they are 
identified by a vision system, allowing for random placement and high 
repeatability in picking.

The UC1 and UC2 present complementary challenges that the pro-
posed framework can address. In UC1, transporting the ply near the 
mould is difficult due to a 90-degree turn near the robot’s workspace 
limit and safety fences. The gripper holds the ply by its edge, and two 
issues arise. First, the back of the gripper is in a blind spot from the op-
erator’s point of view. Second, the distance between the human and the 
back of the gripper is considerable, leading to significant movements in 
the gripper’s back when humans apply rotational deformations, risking 
crossings of the laser safety fences. In contrast, the mould has a simple, 
slightly concave shape with few collision points and no obstructions 
for the operator. At the same time, the ply is rectangular with good 
isotropic behaviour, as shown in Fig.  6(a).

In UC2, the route from the picking table to the mould is straight-
forward, with few obstacles. However, the mould is more complex, 
see Fig.  6(b), featuring higher dimensions and a broad concave shape, 
which increases the risk of collision between the robot gripper and 
the mould during placement. Additionally, the mould restricts the 
operator’s visual access, and the manipulated ply has a complex shape 
and less isotropic behaviour than UC1, making accurate positioning 
difficult.

4.1. Experimental setup

The experimental setups used for the three use cases were the 
same. It comprises a heavy payload robot ABB IRB6700, a custom-
made vacuum gripper developed within the DrapeBot project [37]; the 
gripper is equipped with up to 24 suction units able to pick the fabric-
like material from the table, see Fig.  8. Each suction unit is independent 
and can move along the vertical axis with a stroke of 250 mm. One 
Azure Kinect RGB-D camera is on the gripper to detect the ply and 
estimate its deformation status. The gripper provides a User Interface 
(UI) screen with information for the user as the distance from the target 
position and direction.

2 for the cases analysed, this method works well enough. Despite this, drift 
may appear, causing instability. A possible way to mitigate it is to clip the 
maximum value of 𝑥̂ℎ,𝑟𝑒𝑓  to be not larger than a 𝛿 value with respect to the 
robot’s trajectory.
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The segmentation and deformation models have been trained fol-
lowing [40]. The dataset used to train both models comprises depth 
images of 2 plies with different shapes. The dataset comprises a total 
of roughly 6000 deformation states of the plies and a total of 60000 
depth images. The dataset collection and labelling were performed 
autonomously without human intervention and required about 3 h. The 
segmentation and deformation models run on a dedicated PC with a 
Nvidia RTX 3060 GPU at approximately 30 Hz, the maximum frame 
rate of the Azure Kinect. On every use case, as a set of gains to convert 
deformations into wrenches, was experimentally chosen. A single set of 
gains is used for all the plies and the operators within a use case. The 
control architecture runs on a PC with Ubuntu 20.04 with a preemptive 
soft-real-time kernel, and it has been implemented in ROS [47]. The 
robot communication was at 4 ms, using ABB EGM protocol.

4.2. UC1, UC2 and UC3 experimental protocols

The cell layout used for the three use cases was similar; changes 
were made only on the mould and the picking table position, while 
the layout of the other components was identical. Considering the UC1 
and the UC2 several users were involved to perform a human–robot 
collaborative transport. The transport consists of picking the carbon 
fibre ply from the picking table and placing it in the final position in the 
mould. The ply is picked from one side by the robot and on the opposite 
side by the human. Using the collaborative transport framework, each 
user performed the collaborative transport using the RA algorithm and 
with a Manual Guidance (MG) controller based on an admittance con-
trol algorithm that takes the delta deformation converted into virtual 
force as input, see Section 3.3. It is worth noting that the goal of the 
experimental part was to demonstrate the effectiveness of the proposed 
method on a concrete industrial use case and compare it with the 
current robotic state-of-the-art for solving these applications. The MG 
controller allows the robot to follow human intentions, minimising the 
deformation error from the deformation setpoint. Using the MG, the 
user has to guide the robot to the final position using the information 
provided by the UI installed on the gripper. The MG controller does not 
support the user in guiding the robot precisely to the final position. The 
deformation estimation pipeline was identical for both controllers, and 
the user had to drive the robot by applying deformation directly on the 
ply following the direction of the movement.

In the case of UC1, the controller was tested with three users, 
while in UC2, the controller was tested with four users. Each user 
did at least six trials (three with RA algorithm and three with the 
MG controller). A task is considered failed if the robot stops due to 
violating the operative robot workspace defined in the robot controller 
or if the operator cannot complete the task in 200 s. Each subject is let 
to practice with the controller before collecting data. During the task 
execution, the subject knows which control mode is active, either MG 
or RA. The subjects involved in the experiments differed from UC1 and 
UC2, and they already had experience in robotics usage (i.e., medium-
high robotic knowledge). The nominal collaborative trajectory used as a 
reference during the RA is computed using an RRT algorithm modified 
to include human walking speed and a maximum robot TCP speed set 
to 250 mm∕s [48]. Motion planner development was not a topic of this 
research, and a third-party library was used for the experiments.

In UC3 the setup described in Section 4.1 was used to compare man-
ual transport and draping with human–robot collaborative transport 
in a company’s production facility. Without robotic experience, three 
personnel participated in producing a boat propeller, which involves 70 
plies of materials like carbon fibre and fibreglass, see Fig.  7. The pro-
duction process UC3 includes transporting plies from a picking table to 
the mould, draping them, and impregnating them with resin (repeated 
for all 70 plies). After placing all the plies in the mould, a vacuum foil 
was placed, and the curing process concluded the production of the 
part. Two different tests have been conducted: (i) manual production by 
two operators and (ii) collaborative transport using a robot for 38 of the 
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Fig. 6. Plies used in the UC1 (a) and UC2 (b).
Fig. 7. UC3: Mould for the boat propeller production.

70 plies. The human followed the robot’s trajectory without assistive 
algorithms for plies 1 to 9. Between plies 10 and 37, the human–robot 
collaboration involved a dynamic leadership exchange using the RA 
algorithm. 

5. Human–robot collaborative transportation evaluation

This section presents the metrics used to evaluate the effectiveness 
of the proposed method on use cases UC1 and UC2. The RA algorithms 
were compared with a state-of-the-art MG method, showing perfor-
mance improvements. Indices I1 and I5 were applied only to UC1. The 
I3, I4 and I6 were applied to UC1 and UC2, while I2 only to UC2. In 
cases where the index was not applied to both use cases, the rationale 
is reported after describing the index results.

Results are analysed and discussed. Statistical significance tests aid 
comparison between distributions. Specifically, the Mann–Whitney U 
Test (Wilcoxon Rank Sum Test) tests the mean value, and the Bartlett 
Test tests the variance. The significance level 𝛼 for both tests is set to 
0.05.

5.1. 𝐼1 — Transport reliability

The transport reliability index 𝐼1 is designed to count the number 
of trials necessary to complete a task three times, comparing the RA 
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Table 1
UC1 𝐼1 The transport reliability index for the three users and the 
global using the two controllers computed using Eq. (6).
 MG RA  
 usr1 100% 100% 
 usr2 75% 100% 
 usr3 60% 100% 
 Total 75% 100% 

algorithm and the standard MG controller. Specifically, it is measured 
as three divided by the number of trials 𝑛𝑡 required to reach three times 
the target position as 

𝐼1 =
3
𝑛𝑡
. (6)

The transport is completed once the robot TCP enters a predefined 
tolerance of the final target position. The tolerance is defined as the 
sphere with a radius of 30 mm and centred in the final target position.

#UC1 Table  1 shows results relative to the transport reliability 
index 𝐼1. Using MG algorithm, not all the users completed the task 
successfully in each trial. This is mainly because leading the robot far 
from the picking position after picking up the ply was complex; the 
gripper dimensions had to rotate by more than 90◦. Such a rotation 
applies around the grasping point of the ply, located on one side of the 
gripper. Therefore, even a slight rotation around that point causes a 
significant motion at the rear of the gripper. The grasping point is close 
to a wall, making it extremely complex to move the robot. In the failure 
cases, the gripper hit the virtual safety fences to prevent the robot from 
colliding with the wall, and the task stopped. On the contrary, in the 
RA case, when the gripper approaches the wall (i.e., the virtual safety 
fences), the robot knows the risk of a collision. It controls the human to 
recover the pre-computed safe and collision-free nominal trajectory. In 
this way, it was possible to avoid hitting the safety, and 100% of trials 
succeeded. 

5.2. 𝐼2 — Success rate

The success rate index 𝐼2 computes the number of trials completed 
over the number of total trials, comparing RA and standard MG. The 
success rate 𝐼2 is defined as 
𝐼2 =

𝑛𝑠
𝑛𝑡
, (7)

where 𝑛𝑠 is the number of trials completed over the total trials 𝑛𝑡
executed. The transport is completed once the robot TCP enters a 
predefined tolerance of the final target position. 𝐼2 was computed with 
three different tolerances, so the spheres had a 300 mm, 150 mm, and 
30 mm radius.

Two indices, 𝐼1 and 𝐼2 have been developed to take into account 
the peculiarity of each use case, i.e., 𝐼  is applied to UC1 and 𝐼  is 
1 2
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Fig. 8. The experimental setup used for UC1 and UC2.
Table 2
UC2 𝐼2 Success rate at reaching various distance tolerance, 
computed using Eq. (7).
 Distance [m] MG RA  
 0.5 11/12 12/12 
 0.3 11/12 12/12 
 0.15 9/12 12/12 
 0.03 0/12 12/12 

applied to UC2, since UC2 features a complex mould that imposes 
numerous constraints and limits the ability to reach the final target 
position. Consequently, achieving the desired tolerance with the robot’s 
TCP is challenging, especially when employing the MG algorithm. As 
a result, the application of 𝐼1 yields poor results with MG. Introducing 
𝐼2 facilitates a deeper and more equitable comparison between MG and 
RA, even if MG provided poorer results than RA.

#UC2 Table  2 shows the success rate at reaching various distances 
from the target in UC2. 

The RA framework allowed all users to achieve a 100% success rate. 
Meanwhile, various failures occurred with the baseline MG framework. 
Specifically, in one case, a user immediately exceeded the robot’s 
workspace since the picking table was close to the edge of the robot’s 
workspace. Only in nine cases, the human was able to move the ply 
close to the target position (distance less or equal to 0.15 m); in the 
two remaining cases, the user was stopped after not being able to 
reach the target position within the time limit given for the experiment. 
Finally, no user could perform the accurate positioning (i.e., distance 
less or equal to 0.03 m) with the MG control. Indeed, due to the size 
of the robotic application, it is extremely hard to command the robot 
accurately, and the required positioning accuracy is comparable with 
the precision of the deformation estimation. All the users were stopped 
after exceeding the maximum allowed time.

5.3. 𝐼3 — Time to enter in tolerance

The index measures the time 𝑇  required to reach the target position 
within a tolerance 𝜖. To evaluate the effect of the control strategy for 
the two main sub-tasks of the collaborative transport, navigating to the 
target position and accurate positioning, multiple tolerance thresholds 
had been studied 𝜖 = [0.5 m, 0.3 m, 0.15 m, 0.03 m]. Specifically, higher 
tolerances highlight the system’s effectiveness in navigating toward 
the final target position in complex environments. Meanwhile, lower 
tolerance highlights the effectiveness in the final accurate positioning. 
The index is normalised over the nominal trajectory time 𝑇𝑛 computed 
by the motion planner to allow comparison between the two use cases. 
𝐼3 is defined as 

𝐼3 =
𝑇 . (8)

𝑇𝑛
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#UC1 and #UC2 Fig.  9 shows the required normalised time to reach 
a certain distance from the target position, i.e., distance tolerance, with 
the RA control strategy and the baseline MG. Four different distance 
tolerances are studied to investigate whether the RA strategy is helpful 
only in the final accurate positioning or in executing the trajectory.

The RA strategy allows statistically significant decreases in the 
mean and variance of the required time at all distance tolerances, 
particularly in the final accurate positioning where the tolerance is 
set to 30 mm. The statistical significance is verified for the cases UC1 
and UC2; details are in the caption of Fig.  9. In UC2, as described in 
Table  2, no user could perform the final accurate positioning with the 
baseline MG. In UC1, the time reduction is stable across the various 
distance tolerances, highlighting that the most challenging part was 
the initial collaborative trajectories close to obstacles at the edge of 
the robot’s workspace. Instead, in UC2, the reduction of time increases 
as the distance tolerance decreases, highlighting that providing precise 
commands to the robot for the final accurate positioning was the most 
challenging part of the collaborative task. The required time reduction 
is substantial in performing the first part of the trajectory and the final 
accurate positioning.

5.4. 𝐼4 — Distance travelled

It compares the distance travelled with the nominal trajectory com-
puted by the motion planner, the MG algorithm, and the RA algorithm. 
The 𝐼4 is defined as the integral of the norm of the robot’s instantaneous 
Cartesian speed, 𝑣

𝐼4 = ∫

𝑇𝑠𝑡𝑜𝑝

𝑇𝑠𝑡𝑎𝑟𝑡
𝑣 𝑑𝑡. (9)

#UC1 and #UC2 Fig.  10 compares the distance travelled with RA, 
MG, and the baseline trajectory computed by the motion planner (MP) 
in the two use cases. In UC1, there is no significant difference between 
the two distributions in mean value (𝑝 = 0.67); meanwhile, there 
is a statistical difference in the variance (𝑝 = 0.0079). Reducing the 
variance value from MG to RA suggests that the RA framework helps 
humans perform complex manoeuvres close to obstacles, allowing more 
efficient trajectories. In UC2, there is no significant difference between 
the two distributions in mean value (𝑝 = 0.63) and variance (𝑝 = 0.80). 
It can easily explained by looking at the 𝛼 value distribution in Fig. 
15. Indeed, the trajectory for collaborative transport in UC2 is farther 
away from obstacles or workspace boundaries than UC1, as described 
in Section 4. Therefore, based on the designed arbitration law, humans 
are in charge most of the time, and the robot’s behaviour is very similar 
to pure manual guidance, except for the human target estimation.
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Fig. 9. 𝐼3, the normalised time required to reach various target distances in both use cases UC1 (a) and UC2 (b) computed using Eq. (8). Specifically, for UC1, 
the p values are: Rank sum [0.00034, 0.00034, 0.00034, 0.00034] and Bartlett [0.017, 0.0014, 0.00061, 0.00033]; and for UC2: Rank sum [0.00081, 0.00077, 
0.037] and Bartlett [0.0025, 0.00077, 2.25e−07].
Fig. 10. 𝐼4, comparison of the distribution of the distance travelled in UC1 (a) and UC2 (b) between RA, MG and MP. The index 𝐼4 was computed using (9).
Fig. 11. 𝐼5, DTW computed for UC1.

5.5. 𝐼5 — Dynamic time warping

It measures how much the executed trajectory deviates from the 
nominal. For this purpose, the Dynamic Time Warping (DTW) was com-
puted as in [49]. The DTW provides information about the geometrical 
distance between two trajectories without considering the time and 
possible time shifts between the two trajectories. It is helpful to see 
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how well the cooperative trajectory executed tracks the original path. 
Indeed, following the nominal path can represent a great advantage if 
the trajectory is computed to comply with ergonomic constraints. In 
this case, the RA algorithm can also help humans work in ergonomic 
conditions that might be lost if humans guide robots. 𝐼5 was computed 
only for UC1 because the cell layout (see the use case description in 
Section 4) imposes to the user more complex movements, bringing 
a different trajectory execution from the nominal one; these working 
conditions highlight the differences of DTW between the two control 
algorithms (i.e., RA and MG). In the case of UC2, the layout allows the 
user to perform trajectories closer to the nominal one, so comparing 
DTWs is less relevant between the two controllers.

#UC1 Fig.  11 presents the DTW index. The lower the DTW value 
is, the more similar the two trajectories are. This shows that, in the 
RA case, the executed trajectory is more similar to the nominal one 
than the MG. In general, it is not fundamental that the executed and 
the planned trajectories are similar. Despite this, it can present some 
advantages. Consider a human-aware, ergonomic motion planner. In 
this case, it is very useful that the human follows the trajectory which 
is planned to be ergonomic. This can avoid long-term injuries due to 
wrong postures and working conditions. Moreover, consider an optimal 
motion planner: the closer the actual trajectory is to the planned one, 
the closer it is to optimality. This can improve cycle times if the 
trajectory is computed with that objective. Then, consider that some 
areas in the cell might be unsafe for working. The motion planner can 
plan a trajectory to avoid such areas. The closer the actual trajectory is, 
the safer it is. This last example happens in the proposed UC1 scenario 
when the robots avoid the human from hitting the safety fences by 
recovering their nominal trajectory.
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Fig. 12. 𝐼6, deformation effort in UC1 (a) and UC2 (b) computed using (10).
5.6. 𝐼6 — Deformation effort

The objective of the deformation effort is to study whether, thanks 
to the human target estimation, the RA strategy allows for a reduction 
in the amount of human input to command the robot. Therefore, we 
can consider the deformation effort as a proxy of the human effort. We 
define the deformation effort as the integral of the delta deformation 𝛥𝑑
during the collaborative transportation normalised over the trajectory 
duration. In the RA strategy, the trajectory duration is limited only to 
the time the human is in charge, i.e., 𝛼 > 0.5, and is denoted as 𝑇𝛼 . 
Indeed, the estimated deformation when the robot is in charge does not 
represent commands given by the human; it is simply the robot pulling 
the human away from a dangerous situation or to the final target. The 
index 𝐼6 is defined as 

𝐼6 = ∫

𝑇𝑒𝑛𝑑

𝑇𝑠𝑡𝑎𝑟𝑡

|𝛥𝑑|
𝑇𝛼

𝑑𝑡 . (10)

#UC1 and #UC2 Fig.  12 compares the distributions of the de-
formation effort between the RA and MG in both use cases. Except 
for the deformation effort along the 𝑥-axis, we cannot affirm that 
the RA strategy and the human target estimation allow reducing the 
number of inputs the human provides. At the same time, it appears 
to be increasing the deformation effort. However, such a result needs 
to be contextualised. First, the deformation efforts between RA and 
MG are generally similar, but the collaborative transport with the RA 
strategy is faster. Therefore, we can deduce that the proposed approach 
increases productivity without increasing the required human effort. 
Such a result could easily be seen in the non-normalised deformation 
effort. Second, the human target estimation described in (5) essentially 
integrates and amplifies the estimated deformation; thus, a minimum 
amount of deformation is necessary. Finally, it is also possible that the 
human operator adapts to the robot’s speed. Specifically, in the MG 
case, once the operator notices that the robot is much slower than 
desired, he slows down to match the robot’s speed, reducing the applied 
deformations.

5.7. Notes on the role arbitration results

The results in Figs.  13 and 14 represent a single test for UC1, the 
most significant case due to its complex collaborative transport envi-
ronment. While UC2 yields similar conclusions, Fig.  13 illustrates the 
arbitration parameter 𝛼 during collaborative transportation. Initially, 
when the pick position is near the safety fence, 𝛼 is less than one 
as the human is assisted in moving away from the obstacle until 𝛼
reaches one. As the human guides the robot, it approaches the safety 
fences, reducing collision distance around second 13. After this, the 
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Fig. 13. Examples of the behaviour of the arbitration law, 𝛼, in the UC1 w.r.t. 
the distance from objects and the distance from the target.

robot slowly commands the task. When the 𝑑𝑡𝑟𝑔 falls below 𝑑𝑜, the robot 
gains task control, and 𝛼 drops to zero around second 33, allowing it 
to precisely reach the target position 𝑥𝑡𝑟𝑔 .

Fig.  14 illustrates the nominal and actual trajectories based on a 
single test for UC1 (the same described above). Initially, the human 
leads the robot from the picking table (refer to Fig.  5(a)), resulting in 
significant differences between the two trajectories. The motion planner 
generates a trajectory (red line) that may be uncomfortable for humans 
due to its steep ascent before descending. Consequently, the operator 
modifies it to create a more reasonable trajectory (green line) that 
lowers the robot for user comfort. The robot takes control toward the 
end, and the two trajectories converge at the final point.

Fig.  15 shows the 𝛼 value distribution for tests done on UC1 and 
UC2. Results indicate that in UC2, the operator leads most of the time 
(𝛼 ∈ [0.5−1]) due to a more straightforward layout and fewer obstacles. 
In contrast, UC1 shows robots taking control (𝛼 ∈ [0 − 0.5]) during 
the collaborative task to avoid collisions, resulting in less time for the 
operator to lead than UC2.

6. Manual vs human–robot collaborative transport (UC3)

This section analyses the results achieved during the production of 
a boat propeller, comparing the manual transport with the human–
robot collaborative transport and draping. The experimental proto-
col followed was presented in Section 4.2. Examples of manual and 
human–robot collaborative transports are in Fig.  16.
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Fig. 14. The nominal (red line) and real (green line) robot trajectories projected in the robotic cell with the layout of UC1. (For interpretation of the references 
to colour in this figure legend, the reader is referred to the web version of this article.)
Fig. 15. Distribution of role allocation in the two use cases: (a) shows UC1 
results, (b) shows UC2 results. Distributions prove that the role of arbitration 
law allows humans to be in charge most of the time, i.e., 𝛼 ∈ [0.5 − 1].

In UC3 the layout of the production cell was identical for both 
experiments, with video recordings taken. During the human–robot 
collaborative transport, the transport of three plies that failed were 
excluded from the analysis. The failures were due to wrong usage of 
the setup or a grasping issue by the robot.

The primary comparison factor was execution time. For manual 
transport, execution time 𝑇𝑚 was measured from ply picking to the 
end of draping. For human–robot collaborative transport, execution 
time 𝑇ℎ𝑟𝑐 was measured from when the robot was ready to move the 
ply until the operators completed the draping process. Looking at the 
results presented in Fig.  17, the manual transport brought always to 
faster transport and draping. On the contrary, using the robot allows for 
lower variability and a higher repeatability in cycle time. The presence 
of the assistive algorithm (ply 10–37) does not increase the time to 
complete the task compared to the transport where the operator was 
utterly passive (ply 1–9). Using the robot increased system complexity, 
leading to issues like ply grasping that can cause delays. However, it 
offers more repeatable and precise ply placement in the mould since 
the ply can be identified on the picking table by a vision system, in the 
specific case with an accuracy ±2 mm, and the accuracy of the robot 
in use is well below a millimetre. Under the assumption that the ply 
does not slide on the gripper during transport, it can be reasonably 
stated that the theoretical accuracy of the robotic system is higher than 
that of the human one during the placement of the ply. At the same 
time, the precision of the manual placement relies on the operator’s 
experience and expertise, as well as the mould shape, while the robot 
usage is independent of these factors. Unfortunately, the shape of the 
part produced in the experiment prevented accurate measurement of 
its geometrical error. Currently, an expert operator visually inspects 
the component, and the propellers produced by both methods were 
comparable in manufacturing quality.
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In addition to the operator engaged in transportation, a second 
operator impregnated the ply during robot operations, while a third 
operator supervised for safety ready to stop the robot in case of emer-
gency. The presence of the third operator was motivated only by 
safety reasons, and no direct involvement in the production tasks was 
foreseen. The robot’s TCP velocity was limited to 250 mm∕s for safety. 
The presence of two operators is the standard for manual process. Their 
time occupancy is respectively 93% and 85%. These values decrease to 
58% and 60% when using the robot for transport. Considering that the 
robot can also be used to automate other parts of the process, such as 
resin impregnation, the presence of the second operator can be avoided. 
The experimental robotic setup costs approximately ≈ 200k euros, with 
industrial-ready systems potentially higher in cost but offering benefits 
like improved accuracy, repeatability, and product traceability.

7. Conclusions and future works

This paper explores using RA to dynamically shift leadership be-
tween humans and robots while transporting large planar deformable 
objects collaboratively. It demonstrates this approach in two indus-
trial cases, showing that the RA mechanism improves performance 
compared to state-of-the-art techniques, with higher success rates and 
reduced execution times. Comparisons with a standard MG control 
algorithm indicate that RA control outperforms MG control. Further 
improvements can be achieved by combining the RA algorithm with 
an optimal, human-aware motion planner for safer working conditions. 
The study compares RA to manual processes in boat propeller produc-
tion, noting that while RA leads to longer production times, it offers 
greater repeatability and potentially workforce reduction. Future work 
will focus on developing a new motion planner to enhance execution 
speed and safety. The same approach will also be implemented on an 
Industrial Mobile Manipulator (IMM) to increase the system flexibility, 
allowing the transportation of planar deformable objects in a wider 
workspace.
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Fig. 16. Production of a boat propeller (UC3): (a) reports one operator while making the manual transport of the ply from the picking table to the mould with 
the second operator giving support for the final placement in the mould and the impregnation, (b) reports the human–robot collaborative transport of the ply 
from the picking table to the mould performed by a single operator, while the second is waiting for the impregnation of the ply.
Fig. 17. Results of experiments of UC3 for boat propeller production. (a) reports the boxplot of the time spent on the manual transport and draping 𝑇𝑚 and the 
time spent for the human–robot collaborative transport and draping 𝑇ℎ𝑟𝑐 for the plies from 1 to 9. In this case, the human–robot collaborative transport did not 
use the RA algorithm, but the operator was passively following the robot, executing a precomputed trajectory. (b) reports the boxplot of the time spent on the 
manual transport and draping 𝑇𝑚 and the time spent for the human–robot collaborative transport and draping 𝑇ℎ𝑟𝑐 for the plies from 10 to 37. In this case, the 
RA algorithm was active, and the role of the leader was arbitrated between the operator and the robot.
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Appendix

Control architecture

In this Appendix, the control architecture that was briefly intro-
duced in Fig.  2 is detailed. Fig.  18 depicts the detailed control scheme 
developed in this work. Details on the GT modelling of the pHRI were 
originally proposed in [7].
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Differential non-cooperative game theoretic interaction

In the non-cooperative case, the human and the robot aim to 
minimise their cost functions, subject to the other influences which are 
given by

𝐽𝑖,𝑛𝑐 = ∫

∞

0

[

(𝑧 − 𝑧𝑟𝑒𝑓 ,𝑖)𝑇 𝑄𝑖 (𝑧 − 𝑧𝑟𝑒𝑓 ,𝑖) (11)

+ 𝑢𝑇𝑖 𝑅𝑖 𝑢𝑖 + 𝑢𝑇𝑗 𝑅𝑖,𝑗 𝑢𝑗
]

𝑑𝑡

with pedices 𝑖, 𝑗 = {ℎ, 𝑟} denoting human and robot, reciprocally. 
Where 𝑧𝑟𝑒𝑓 ,𝑖 are the human and robot reference targets, 𝑄𝑖 weight 
matrices on the state, 𝑅𝑖 weight matrices on the player’s control input, 
and 𝑅ℎ,𝑖 weight matrices on the opponents’ control input.

The non-cooperative differential game problem can be summarised 
as 

min
𝑢ℎ

𝐽ℎ(𝑧, 𝑢ℎ, 𝑢𝑟)

min
𝑢𝑟

𝐽𝑟(𝑧, 𝑢ℎ, 𝑢𝑟)

𝑠.𝑡. 𝑧̇ = 𝐴𝑧 + 𝐵ℎ 𝑢ℎ + 𝐵𝑟 𝑢𝑟
𝑧(𝑡0) = 𝑧0

(12)

The Nash equilibrium is defined as 
𝐽ℎ(𝑧, 𝑢∗ℎ, 𝑢

∗
𝑟 ) ≤ 𝐽ℎ(𝑧, 𝑢∗ℎ, 𝑢𝑟)

𝐽𝑟(𝑧, 𝑢∗ℎ, 𝑢
∗
𝑟 ) ≤ 𝐽𝑟(𝑧, 𝑢ℎ, 𝑢∗𝑟 )

(13)

and the control actions 𝑢ℎ and 𝑢𝑟 are the Nash equilibrium policies. 
In the case of linear systems and quadratic cost functions, the control 
policies of the players are computed as 
𝑢 = −𝐾 (𝑧 − 𝑧 ) (14)
ℎ ℎ,𝑛𝑐 𝑟𝑒𝑓 ,ℎ
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Fig. 18. The detailed control framework implemented for the human–robot collaborative transport.
and 

𝑢𝑟 = −𝐾𝑟,𝑛𝑐 (𝑧 − 𝑧𝑟𝑒𝑓 ,𝑟) (15)

The matrices 𝐾ℎ,𝑛𝑐 and 𝐾𝑟,𝑛𝑐 are the full-state feedback matrices, com-
puted as 𝐾ℎ,𝑛𝑐 = 𝑅−1

ℎ 𝐵𝑇
ℎ 𝑃ℎ and 𝐾𝑟,𝑛𝑐 = 𝑅−1

𝑟 𝐵𝑇
𝑟 𝑃𝑟, where 𝑃ℎ and 𝑃𝑟

are solutions of coupled Riccati equations. For simplicity, define with 
𝑆𝑖 = 𝐵𝑖𝑅𝑖,𝑖𝐵𝑇

𝑖  and 𝑆𝑖,𝑗 = 𝐵𝑖𝑅−1
𝑖,𝑖 𝑅𝑗,𝑖𝑅−1

𝑖,𝑖 𝐵
𝑇
𝑖 , with 𝑖 = {ℎ, 𝑟}. The two 

coupled Riccati equations are 

0 = (𝐴 − 𝑆𝑗𝑃𝑗 )𝑇 𝑃𝑖 + 𝑃𝑖(𝐴 − 𝑆𝑗𝑃𝑗 )𝑇 − 𝑃𝑖𝑆𝑖𝑃𝑖 + 𝑃𝑗𝑆𝑗,𝑖𝑃𝑗 +𝑄𝑖 (16)

Differential cooperative game theoretic interaction

The Cooperative formulation of the problem allows agreement be-
tween the players to define a shared objective and work together 
toward it. In a cooperative framework, the human and the robot can 
be seen as two agents, each one to minimise a quadratic cost function, 
defined as

𝐽𝑖,𝑐 = ∫

∞

0

[

(𝑧 − 𝑧𝑟𝑒𝑓 ,𝑖)𝑇 𝑄𝑖,𝑖 (𝑧 − 𝑧𝑟𝑒𝑓 ,𝑖) (17)

+ (𝑧 − 𝑧𝑟𝑒𝑓 ,𝑗 )𝑇 𝑄𝑖,𝑗 (𝑧 − 𝑧𝑟𝑒𝑓 ,𝑗 ) + 𝑢𝑇𝑖 𝑅𝑖 𝑢𝑖
]

𝑑𝑡

with 𝑖, 𝑗 as above, where 𝐽𝑖,𝑐 are the costs that the human and the robot 
incur, 𝑄𝑖,𝑖, 𝑄𝑖,𝑗 matrices that weight the state and references and 𝑅𝑖
weights on the control input.

By cooperating, a shared objective is defined as 

𝐽𝑐 = 𝛼 𝐽ℎ + (1 − 𝛼) 𝐽𝑟 = ∫

∞

0

(

𝑧̃𝑇 𝑄𝑐 𝑧̃ + 𝑢𝑇 𝑅𝑐 𝑢
)

𝑑𝑡 (18)

with 𝑧̃ = 𝑧 − 𝑧𝑟𝑒𝑓 , where 𝑧𝑟𝑒𝑓 , 𝑄𝑐 and 𝑅𝑐 must be defined, as discussed 
in [50].

The Linear Quadratic Differential Game problem can be finally 
formulated as a classical LQR problem:

min
𝑢

𝐽𝑐 = ∫

∞

0

(

𝑧𝑇 𝑄𝑐 𝑧 + 𝑢𝑇 𝑅𝑐 𝑢
)

𝑑𝑡 (19)

𝑠.𝑡. 𝑧̇ = 𝐴𝑧 + 𝐵𝑢

𝑧(𝑡0) = 𝑧0

The problem in (19) has infinite solutions lying on the Pareto frontier, 
depending on the parameter 𝛼.
974 
In an LQ-CGT framework, the control action 𝑢 is defined as full-state 
feedback as 
𝑢 = −𝐾𝑔𝑡 𝑧̃ = −𝐾𝑔𝑡 𝑧 +𝐾𝑔𝑡 𝑧𝑟𝑒𝑓 (20)

with 𝐾𝑔𝑡 = 𝑅−1
𝑐 𝐵𝑇 𝑃  and matrix 𝑃  solution of the Algebraic Riccati 

Equation (ARE)
0 = 𝐴𝑇 𝑃 + 𝑃𝐴𝑇 − 𝑃𝐵𝑅−1

𝑐 𝐵𝑇 𝑃 +𝑄𝑐

Note that 𝑢 = [𝑢ℎ, 𝑢𝑟]𝑇 . Therefore, the human and robot control inputs 
can be extracted by slicing the vector of control inputs.
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