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Abstract: It is challenging for underwater vehicle–manipulator systems (UVMSs) to operate autonomously in
unstructured underwater environments. Relying solely on teleoperation for both underwater vehicle (UV) and
underwater manipulator (UM) imposes a considerable cognitive and physical load on the operator. In this paper, we
propose a unified shared control (USC) architecture for the UVMS, integrating divisible shared control (DSC) and
interactive shared control (ISC) to alleviate the operator’s workload. By applying task priority based on DSC, we
divide the whole-body task into constraints, operation, and posture optimization subtasks. The robot autonomously
avoids self-collisions and adjusts its posture according to the user’s visual preferences. ISC incorporates haptic
feedback to enhance human–robot collaboration, seamlessly integrating it into the operation task via a whole-body
controller for the UVMS. Simulations and pool experiments are conducted to verify the feasibility of the method.
Compared to manual control (MC), the proposed method reduces completion time by 17.50%, operator input length
by 25.00%, and cognitive load by 35.53% in the simulations, with corresponding reductions of 22.73%, 40.00%, and
29.91% in the pool experiments. Subjective measurements demonstrate the reduction in operator workload with the
proposed method.

Key words: Unified shared control; Underwater vehicle–manipulator system; Human–robot interaction;
Task priority
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1 Introduction

The proliferation of ocean exploration by hu-
mans has led to an increasing demand for under-
water missions, including persistent underwater ob-
servation (Lin and Yang, 2020) and underwater
manipulation (Petillot et al., 2019). Underwater
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tasks encompass a wide range of missions, such as
scientific expeditions, marine rescue, and offshore
industries (Ridao et al., 2015). Skilled divers are
capable of undertaking some underwater interven-
tions but face limitations in deep or prolonged under-
water missions. Consequently, underwater vehicle–
manipulator systems (UVMSs) have become essen-
tial for underwater operations (Sahoo et al., 2019).
In the early stages of UVMS development, operators
remotely control the vehicle and manipulator inde-
pendently. However, full teleoperation requires op-
erators to maintain sustained focus and patience for
precise movements (Shim et al., 2010). This process
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places significant physical and cognitive load on op-
erators, rendering it difficult to maintain during pro-
longed periods (Capocci et al., 2018).

In addressing this challenge, numerous UVMSs
have been developed. Some are fully autonomous,
such as GIRONA 500 (Ribas et al., 2015) and Aqua-
naut (Manley et al., 2018). Others, like Ocean One
(Khatib et al., 2016) and DexROV (Di Lillo et al.,
2021) operate in semi-autonomous mode. Notably,
task priority control (Simetti et al., 2018) is widely
used in UVMSs, and offers a hierarchical motion
resolution framework for redundant robotic systems
through the prioritization of control objectives. For
instance, using task priority control, GIRONA 500
completed underwater tasks such as object recovery,
valve turning (Maurelli et al., 2016), and pipeline
inspection tasks (Cieślak and Ridao, 2018). This
approach enables a UVMS to adapt to various op-
erational scenarios featuring diverse control objec-
tives and activation functions. Although underwater
manipulation autonomy has been improved signifi-
cantly (Zhang et al., 2017), fully automated control
is still inadequate for complex and delicate opera-
tions in open and unstructured underwater environ-
ments. Underwater operations continue to require
human intervention (Sivčev et al., 2018).

Human–machine hybrid augmented intelligence
(HMAI) has the potential to significantly enhance
the capabilities of complex systems (Wang et al.,
2022). Human–robot shared control (SC) technol-
ogy has garnered significant attention over the past
decade. SC leverages human high-level cognition
and decision-making while integrating robotic ca-
pabilities for low-level task execution (Yang et al.,
2022b). SC methods are typically classified into di-
visible shared control (DSC) and interactive shared
control (ISC), depending on the nature of human–
machine collaboration (Samuel and Tee, 2019).

DSC divides the overall task into multiple sub-
tasks, where humans are responsible for a spe-
cific subset of inputs (direction or several degrees
of freedom (DoF) (Rakita et al., 2018)), while
robots independently handle the remaining inputs
(Nicolis et al., 2018). Task priority is a common vari-
ant of DSC methods in underwater robotics. Ocean
One was developed with a force feedback teleop-
eration control method based on DSC (Brantner
and Khatib, 2021). The robot controlled the con-
straint and optimization tasks, while the operator

directly teleoperated the essential operational task.
Another form of DSC is supervisory control, where
the operator provides high-level task commands, and
the robot performs the corresponding low-level ac-
tions, such as SAUVIM (Simpkins, 2014). Within
the DSC framework, humans and robots collaborate
as partners.

ISC considers the operator and the robot as dis-
tinct input sources, combining their control inputs
via an arbitration function (linear, game theoretic,
or data-driven strategies) (Yang et al., 2022b) to de-
termine the relative contributions of each agent. In
this case, humans and robots collaborate as part-
ners. The DexROV Project (Birk et al., 2018) imple-
mented an SC method where the robot was capable
of learning actions from the teleoperation workspace.
Its corrective actions increased as it approached the
target. A human–machine target fusion method for
the underwater humanoid robot has been proposed
for controlling underwater manipulators (Yang et al.,
2022a). The control weight between human and
robot was dynamically adjusted based on the pre-
dicted accuracy of the target.

Our previous work (Zhu et al., 2023) proposed
an SC method with haptic feedback, which deter-
mines control weights using fuzzy rules based on the
operator’s preferences and the confidence levels of
both human and robotic agents.

In this paper, to further alleviate the operator’s
control workload, we introduce a unified shared con-
trol (USC) architecture that combines DSC and ISC
for the UVMS based on task priority. This work
contributes the following:

1. Proposal of a USC, in which humans and
robots control specific subtasks independently by ap-
plying task priority derived from DSC. An ISC-based
approach is integrated into the operational task to
fully use the strengths of both human and robotic
capabilities.

2. Development of methods to reduce the op-
erator’s burden, including an input fusion method
that incorporates human intention and a motion dis-
tribution scheme based on distance, both of which
use the same trajectory-related measurements dur-
ing the operational task. Additionally, a haptic feed-
back guidance function is developed, and the pos-
ture of the UVMS is optimized based on operator
inputs.
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Fig. 1 Unified shared control (USC) architecture

2 Unified shared control architecture

In this section, we provide an overview of the
USC architecture, as depicted in Fig. 1. The UVMS
exhibits highly redundant DoF, enabling it to handle
multiple tasks simultaneously. Following the DSC
concept, the overall UVMS task is divided into sev-
eral subtasks assigned to the human agent (HA) and
the robot agent (RA). Considering UVMS safety and
the dynamic response characteristics of the vehicle
and manipulator, we decompose the whole-body task
into a constraint task, an operation task, and a pos-
ture optimization task. The RA is responsible for
both the constraint task and the posture optimiza-
tion task. Through the implementation of an ISC
method, the RA and HA combine their strengths to
execute the operation task effectively.

Task priority is introduced as the DSC method
to establish a hierarchical structure among these
tasks. Task priority serves as a redundant control
method, enabling secondary tasks to be executed in
the null space of primary tasks. This ensures the
completion of primary tasks while minimizing errors
in lower-priority tasks.

To ensure robot safety and prevent collisions
with surrounding objects, we prioritize the con-
straint task at the highest level. The hierarchical
control focuses on the operation task. Given the
UVMS’s physical interaction with the external envi-
ronment through its manipulator, we directly control
the end-effector (EE) of the underwater manipula-
tor (UM) using a whole-body controller. The ve-
hicle autonomously follows the manipulator, which
minimizes human input. The remaining controllable

subspace is used to optimize the UVMS posture to
track the target object. By adjusting the vehicle
posture, we ensure that the target object remains
within the desired perspective aligned with the HA’s
preferences in the camera’s field of view. The task
priority control law is as follows:

u = (uc)
︸︷︷︸

constraint

+
(

ut|c
)

︸ ︷︷ ︸

operation

+
(

up|t|c
)

︸ ︷︷ ︸

posture

, (1)

where u on the left-hand side of the equation repre-
sents the total input of the robot. The right-hand
side of the equation contains the inputs for the three
tasks.

In the operation task, we combine the HA in-
put uh and the RA input ur using a control weight
coefficient λ through a linear function:

us = λur + (1− λ)uh, (2)

whereus denotes the SC input for the operation task.
λ is a parameter that varies with the robot state, the
historical trajectory, and the operator input.

3 Methodology

3.1 System modeling

The UVMS in this study consists of a 6-DoF un-
derwater vehicle (UV), a 4-DoF UM, a 6-DoF master
manipulator (MM), and a target object, as shown in
Fig. 2. The reference frames Σw, Σv, Σub, Σue, Σc,
and Σg denote the frame of the world, UV, the base
of the UM, the EE of the UM, camera, and the tar-
get object, respectively. Σmb and Σme are the base
frame and EE frame of the MM, respectively.



1414 Tu et al. / Front Inform Technol Electron Eng 2025 26(8):1411-1427

Fig. 2 System composition and reference frames

The configuration of the 10-DoF UVMS can
be described by quvms = [ηT

v , q
T
m]

T, where ηv =

[xv, yv, zv, γv, βv, αv]
T denotes the position and roll–

pitch–yaw angles of the UV with respect to (w.r.t.)
Σw, and qm = [θ1, θ2, θ3, θ4]

T refers to the joint an-
gles of the UM. We assume that Vv = [vT

v ,ω
T
v ]

T ∈
R

6 represents the input linear and angular velocity of
the vehicle w.r.t. its frame Σv. The relationship be-
tween the UVMS velocity Vuvms = [VT

v , q̇
T
m]

T ∈ R
10

and EE velocity is

Vue = [JvJw,v,Jm]q̇uvms = [Jv,Jm]Vuvms

= JuvmsVuvms, (3)

where Vue = [vT
ue,ω

T
ue]

T denotes the EE velocity
of the UM w.r.t. Σue, Jw,v ∈ R

6×6 represents the
velocity transformation matrix from Σw to Σv, and
Jm ∈ R

6×4 is the Jacobian of UM w.r.t. Σue.
The Jacobian of vehicle Jv ∈ R

6×6 w.r.t. Σue

can be expressed as

Jv = [AdTue,v ] =

[

Rue,v 0

[pue,v]Rue,v Rue,v

]

, (4)

where [AdTue,v ] is the adjoint representation (Lynch
and Park, 2017) of the transformation matrix Tue,v.

The inverse kinematics for the UVMS is as
follows:

Vuvms =

[Vv

q̇m

]

= J†
uvmsVue, (5)

where J†
uvms refers to the pseudoinverse of the Jaco-

bian Juvms, and J†
uvms = JT

uvms(JuvmsJ
T
uvms)

−1. We
select the velocity input as the robot command to
maintain motion consistency, because velocity com-
mands can be seamlessly integrated into position
commands. Vue can be generated both by the HA
and the RA.

3.2 Task priority-based motion planning

We employ the task-priority control method
for hierarchical control of the multi-task redundant
robot. The augmented null space projection (Si-
ciliano and Slotine, 1991) of task priority enhances
the orthogonality of all tasks, enabling more efficient
handling of conflicting tasks.

For the two constrained tasks x1 ∈ R
m1 and

x2 ∈ R
m2 , the solution of the augmented null space

projection gives

u = J†
1 ẋ1 + (J2N1)

†(ẋ2 − J2J
†
1 ẋ1), (6)

where Ji is the Jacobian of task xi, and N1 =

I − J†
1J1 denotes the nullspace of task x1. This

formula can also be recursively extended to n tasks
(i = 1, 2, ..., n):

ui+1 = ui + (JiPi−1)
†(ẋi − Jiui), (7)

where Pi = I − J†
i Ji represents the null space

projection matrix of the augmented Jacobian Ji =

[JT
1 ,JT

2 , · · · ,JT
i ]T.

Our study deploys three control objectives: con-
straint, operation, and posture optimization tasks.

3.3 Constraint task

Taking into account collision avoidance, we set
joint limits to avoid undesired damage to the robotic
system. The joint limit objective function (Scheurer
et al., 2016) for the UM is defined as (the function
diagram can be seen in Fig. S1 in the supplementary
materials)

Hcm(q) =

⎧

⎪
⎪
⎨

⎪
⎪
⎩

α
(

eβ(q−qminset)
2 − 1

)

, q < qminset ,

0, qminset ≤ q ≤ qmaxset ,

α
(

eβ(q−qmaxset)
2 − 1

)

, q > qmaxset ,

(8)
where qminset = qmin+qth and qmaxset = qmax−qth

represent the maximum and minimum values of the
set joints, respectively. qmax and qmin represent the
maximum and minimum physical limits of joints re-
spectively, and qth is the safety threshold for joints.
α and β are constants, and we set α = β = 1 in the
actual use. Derive the joint limit objective func-
tion Hcm(q) to compute the joint limit Jacobian
Jcm(q) = dHcm(q)/dq.

To keep the joint of the manipulator within its
limits, the velocity in the task space is

ẋcm = 0−Hcm(q). (9)
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For the UV, we limit the position of the vehicle
(x, y, depth) to avoid collisions:

Hcv(d) =

{
1
2 (d− dth)

2, d ≤ dth,

0, d > dth,
(10)

where d indicates the distance from obstacles (walls,
sea bottom, etc.) and dth represents the safe distance
threshold.

The task velocity of the vehicle constraint is

ẋcv = 0−Hcv(q). (11)

The input for the joint limit task can be ob-
tained as

uc = [Jv,w,J
−1
cm ]

[

ẋcv

ẋcm

]

. (12)

3.4 Operation task

The operation task focuses on the motion con-
trol of the EE of the UM. The EE is controlled
through the ISC method, and the ISC method incor-
porates inputs from both HA and RA. A whole-body
controller is employed to coordinate the movements
of the UV and the UM, allowing the operator to con-
centrate only on controlling the EE.

3.4.1 Human input

The HA input Vhd = [vT
hd,ω

T
hd]

T is

Vhd = Vm +

[

pu,d − pu

[log(RuR
−1
u,d)]

∨

]

, (13)

where pu,d and Ru,d denote the desired EE position
and orientation of the UM, respectively. pu and Ru

denote the current position and orientation of the
EE, respectively. Vm denotes the EE velocity of the
MM. The notation log stands for the matrix loga-
rithm, and operator “ [·]∨” indicates the extraction of
the orientation angle error vector from the antisym-
metric matrix.

The desired EE position of the UM pu,d is de-
termined by matching the displacement of the MM
relative to its initial position:

pu,d = pm,0 + ks(pm − pm,0), (14)

where pm and pm,0 denote the current and the initial
EE positions of MM respectively, and ks denotes the
scale factor.

The desired EE orientation of the UM Ru,d gives

Ru,d = Rub,mbRmb,meRme,ue, (15)

where Rub,mb denotes rotation from Σub to Σmb,
Rmb,me represents rotation from Σmb to Σme, and
Rme,ue indicates rotation from Σme to Σue.

3.4.2 Robot input

The desired RA input Vrd = [vT
rd,ω

T
rd]

T can
be calculated by a proportional–integral–derivative
(PID) controller as

Vrd = Kpe+Ki

∫

edt+Kd
de
dt

, (16)

where e = [eT
p , e

T
q ]

T ∈ R
6 represents the error be-

tween the EE and the target object. ep and eq de-
note the position error and orientation error of the
target object w.r.t. Σue, respectively. Kp, Ki, and
Kd are the proportional, integral, and differential
coefficients, respectively.

3.4.3 Input fusion

We fuse the human input Vhd and the robot
input V rd through a control weighting coefficient λ.
This coefficient λ is calculated by establishing the
control confidence of the RA cr considering the tra-
jectory history of the robot and the human intention.

Given the trajectory ξp0→pc from the initial
state p0 to the current state pc as shown in Fig. 3, the
control confidence of the RA is defined as the prob-
ability of the target P (g|ξp0→pc). P (g|ξp0→pc) ∝
P (ξp0→pc |g)P (g) is derived from the maximum pos-
terior probability estimate. Thus,

λ = cr = P (ξp0→pc |g)P (g), (17)

where P (g) is the prior probability of the target,
indicating the RA’s certainty about the target. P (g)

is formulated based on the actions of the HA.

pc

pg
p0

*ξpc→pg

*ξp0→pg

ξp0→pc

Θ

Fig. 3 Calculation of the confidence of the robot agent

The probability is calculated by approximat-
ing the integral along the trajectory following the
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method (Dragan and Srinivasa, 2013):

P (ξp0→pc |g) ≈
e−Cg(ξp0→pc )−Cg(ξ

∗
pc→pg )

e−Cg(ξ∗
p0→pg )

, (18)

where ξ∗pi→pj
= argminC(ξpi→pj ) represents the

optimal trajectory from pi to pj . The cost function
C(ξ) =

∑N
i=0(ξi+1−ξi) is the cumulative distance of

the trajectory. P (ξp0→pc |g) represents the degree to
which the robot deviates from the optimal trajectory
when the target is determined.

The intention of the HA is inferred from the
position and orientation movements of the EE, which
can be formulated as

Ip =
C(ξ∗phc→phg

)

C(ξ∗phc−1
→phg

)
, (19)

where phc denotes the current position input from
the HA, phc−1

denotes the last position input, and
phg denotes the target position, which is mapped
back from the EE to the workspace of the MM ac-
cording to Eq. (14). When Ip < 1, the operator is
moving towards the target, and vice versa.

Because Ip typically falls within a narrow range
around 1, we use the activation function tanh(x) to
amplify the changes in Ip to the range of [−1, 1]. In
Fig. 3, θ represents the angle between the Z axis of
the gripper and the line connecting the gripper and
the target, which expresses the orientation intention
of the HA:

P (g) = αw tanh(−2(Ip − 1)) + (1 − αw) cos θ, (20)

where αw is the constant weight coefficient between
the position and orientation inputs, which is set as
αw = 0.75 to place more emphasis on changes in the
position intention. The value of P (g) is limited to
the range [0, 1]. The greater the tendency of the HA
to move toward the target and the smaller the angle
θ, the greater the robot’s certainty about the target.

Because it is difficult for the RA to au-
tonomously determine the appropriate grasping pos-
ture, the orientation is controlled solely by the oper-
ator. Mixing inputs from the HA and the RA results
in the following:

{

vs = λvrd + (1 − λ)vhd,

ωs = ωhd,
(21)

where Vs = [vT
s ,ω

T
s ]

T denotes the shared EE veloc-
ity of the UM.

3.4.4 Motion distribution

Considering the different dynamic characteris-
tics of the UV and the UM, motion distribution is
essential to improve the accuracy and efficiency of
underwater operations. Weight coefficients are in-
troduced into the Jacobian Juvms for motion distri-
bution, which can be expressed as

J̃uvms = UT
x JuvmsU

T
q

−1
, (22)

whereUx and Uq denote the decomposition matrices
of the weight matrices Wx and Wq. Wx represents
the weight matrix in the task space, and Wq repre-
sents the weight matrix in the joint space.

The weight matrices are designed as

Wx = UxU
T
x =

[

βwI3×3 03×3

03×3 I3×3

]

, (23)

Wq = UqU
T
q =

[

δI6×6 06×4

04×6 (1 − δ)I4×4

]

, (24)

where the constant βw adjusts the weight between
the position and orientation of the EE Cartesian
task. We set βw = 1 to give equal importance to
position and orientation. δ adjusts the motion dis-
tribution weight between the UV and the UM.

Given the fast response speed and high control
precision of the UM, it is suitable for close-range, ac-
curate operations. The UV, with its high inertia, is
suitable for the approach phase of the operation pro-
cess. The motion distribution coefficient δ is defined
as a function related to the distance from the target
object:

δ =
1−max(0, ds−dc+L

ds
)

P (ξp0→pc |g)
∈ [0, 1], (25)

where ds denotes the initial distance between the
EE and the target, dc denotes the current distance
between the EE and the target, and L denotes the
maximum working distance of the UM. When the
distance between the EE and the object is less than
L, the manipulator is moved exclusively to ensure
working accuracy. The smaller P (ξp0→pc |g) is, the
more the UVMS deviates from the optimal trajec-
tory. Consequently, more weight is assigned to the
UV to quickly approach the target.

The input for the operation task can be obtained
using Eq. (5):

ut = J̃†
uvmsVs. (26)
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3.5 Posture optimization task

A better camera view assists the RA in measur-
ing the distance to the target object, reducing both
the operation time and cognitive load of the HA.
This is facilitated by the image-based visual servo-
ing (IBVS) method.

Assume that s = [su, sv]
T denotes the feature

point pc,o projected on the image plane, and Vc =

[vx,c, vy,c, vz,c, ωx,c, ωy,c, ωz,c]
T denotes the position

and orientation velocity of the camera w.r.t. Σc.
The relationship between the camera velocity and
the image feature point velocity can be simplified as
follows:

ṡ = LpVc, (27)

where Lp is the image Jacobian, also known as the
interaction matrix, and p is the feature point on the
image plane. The image feature point velocity is
given as

ṡ =

[

su,d − su,c

sv,d − sv,c

]

, (28)

where sd = [su,d, sv,d]
T and sc = [su,c, sv,c]

T denote
the desired and current positions of the image feature
point, respectively.

The process for selecting the optimal image fea-
ture point sd is illustrated in Fig. 4. We predefine n

feature points on the image plane as [s1, s2, · · · , sn]
(with n = 2 for demonstration purposes). Know-
ing the transformation between the camera and the
EE, the origin and the Z-axis direction of the end-
effector of the underwater manipulator (UE) frame
are projected onto the image plane as sue and ∗Zue,
respectively. By calculating the angle ϕi between the
vectors suesi and ∗Zue, the feature point si with the
smallest angle ϕi is selected as the optimal feature
point sd:

sd = argmin
si

ϕi(suesi,
∗ Zue), i = 1, 2, · · · , n.

(29)
Because the EE direction of the UM is directly

controlled by the HA, the UVMS automatically ad-
justs its posture to provide appropriate camera view
according to the operator.

The camera velocity Vc is converted to the UV
velocity Vv:

ṡ = Lp[AdTc,v ]Vv. (30)

The input for the posture optimization task can

Fig. 4 Feature point so selection based on the direc-
tion of the UE

be obtained as

up = (Lp[AdTc,v ])
−1ṡ. (31)

3.6 Haptic feedback

When the HA is operating remotely, force feed-
back is provided to help the HA understand the
robot’s intentions. The MM is modeled as

M(x)ẍ+C(x, ẋ)x = Fm + Fh, (32)

where Fm is the force input by the HA to the force
feedback device, and Fh is the force feedback to the
HA.

Force feedback is designed with two goals. First,
it should guide the HA away from the constraints of
the robotic system (such as joint limits). Second, the
HA should easily perceive the desired position of the
SC system. The force feedback function is designed
as follows:

Fh = λfKm(pm,d − pm) + λfBm(ṗm,d − ṗm) + Fl,

(33)
where pm,d denotes the desired position in the MM
workspace, mapped from the desired position in the
UM workspace, and λf denotes the force feedback co-
efficient. The positive definite matrices Km ∈ R

3×3

and Bm ∈ R
3×3 denote the stiffness and damping

matrices, respectively. Fl is the feedback force that
guides the HA away from joint limits. Attractive
force cues at the desired position indicate the SC
system’s intent. pm,d is calculated as

pm,d = pm,0 +
1

ks
(pu − pu,0). (34)

Considering that only three motors of the MM
can provide force feedback, the joint limit feedback
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force is projected onto the MM workspace using the
linear part of the Jacobian matrix Jm,v:

Fl = −(JT
m,v)

† ∂Hcm(q)

∂q
. (35)

The control framework for the UVMS is shown
in Fig. 5. ηd denotes the desired position and ori-
entation of the UVMS, ηe denotes the end-effector
position, and τd denotes the input torque calculated
by the dynamic controller. The dynamic controllers
of the UM and the UV are both PID controllers.

4 Simulations

We first verified the method’s efficacy in aiding
the operator’s task completion through a grasping
simulation. Subsequently, a user study was con-
ducted to evaluate three control methods: manual
control (MC), USC, and automatic control (AC). In
MC, the operator used a whole-body controller via
a joystick to control the position and orientation of
the EE, viewing only the robot’s camera feed dis-
played on a screen. In the AC method, the robot
autonomously grasps the object using the approach
described in Cieślak et al. (2015). The approach is
also based on task priority and has been proven to
successfully perform tasks such as underwater grasp-
ing and valve rotation (Simetti et al., 2014) without
human intervention. This method serves as a bench-
mark for AC methods to illustrate the advantages
of USC by incorporating human collaboration. USC
integrates MC and AC to accomplish tasks through
human–robot collaboration.

4.1 Simulation setup

The simulation setup is illustrated in Fig. 6.
The UVMS used in the simulations consisted of
a self-designed 6-DoF UV and a 4-DoF UM with
a two-finger gripper. Geometry Touch served as
the MM, capturing human input and outputting
feedback forces. Object detection and IBVS algo-
rithms were implemented using visual servoing plat-
form (ViSP) (Marchand et al., 2005). The entire
control system was developed on the robot operating
system (ROS). A Tobii Eye Tracker 5 was attached
to the monitor to record the operator’s eye move-
ments. The target object-grasping simulation using
the UUV simulator (Manhães et al., 2016) was con-
ducted to verify the proposed control method. The
entire grasping process is illustrated in Fig. 7.

PCHuman agent

Control input

Force/ isual 
feedback

Control 
command

State 
feedback UVMS

Eye tracker

Fig. 6 Simulation setup

1 2

3 4

Fig. 7 Underwater grasping process

Fig. 5 Control framework. 1/s is the integral operation
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4.2 Hypotheses

Prior literature indicates that more autonomy
leads to better performance (Javdani et al., 2015).
Based on this, we formulated the following hypothe-
ses for different control methods, measured using ob-
jective metrics:
Hypothesis 1 Methods with more autonomy
will lead to faster task completion.
Hypothesis 2 Methods with more autonomy
will result in less human input.
Hypothesis 3 Methods with more autonomy
will reduce the cognitive load of the operator.

4.3 Procedure

We recruited 13 participants (ten males, three
females) for simulation from a university campus
aged 23–32 years (mean = 25.7, standard deviation
(StD) = 2.77). All participants are science, tech-
nology, engineering, mathematics (STEM) students
pursuing a master’s or doctoral degree. Participants
had low familiarity with teleoperated robots (mean
= 1.92, StD = 0.95, surveyed via a seven-point Likert
scale). Three participants reported prior experience
with robotics research.

After obtaining written consent, the partici-
pants were given 8 min to get familiar with both
MC and USC. To simulate a real environment, we
introduced a random disturbance at a specific stage
near the object. Because most underwater distur-
bances were lateral, we added random disturbances
lasting 10 s to the robot’s X-axis, Y -axis, and yaw
directions as Fx, Fy,Mz ∼ U(0, 10). The values of
the disturbances were extracted in advance through
the random function. The same disturbances were
applied to each operator using the three methods.
Table S1 in the supplementary materials shows the
disturbances imposed on each group. Objective mea-
surements (root mean square error (RMSE), suc-
cess rate, execution time, operator input, and oper-
ator’s eye movements) were adopted for simulation
evaluation.

4.4 Simulation results

4.4.1 Method validation simulation

We conducted single-shot object-grasping simu-
lations to verify the effectiveness of the USC control
method. To demonstrate the effectiveness of the con-

straint task, we intentionally moved each joint close
to its limit. A specific velocity was set for each joint
to approach its limit. As shown in Fig. 8, the joints
stopped moving forward once they reached the safe
threshold. The joint limit constraint protected the
joints from physical damage. The safe threshold was
set at qth = 0.2 rad.

Fig. 8 Behavior of the joints under the constraint
task

The EE trajectory of the UM under the USC
method is depicted in Fig. 9. Fig. 9a shows that
the position error decreased from the initial 0.9 m
to about 0.01 m. The entire grasping process took
approximately 72 s. The 3D trajectory of the vehicle
and the EE is shown in Fig. 9b. The UV and the UM
moved simultaneously and coordinated to complete
the grasping task. There remained a certain distance
between the final position of the EE and the target
position because the target position recognized by
the camera was the center of the cuboid. However,
the EE had already made contact with the target
object.

Fig. 10a shows the behavior of the motion dis-
tribution coefficient δ. As the distance to the tar-
get object decreased, δ gradually decreased from 0.7
to nearly 0. This was consistent with the trend of
the distance dr between the robot and the target in
Fig. 10c. The control weight of the UV was large
when the distance dr was large. The motion weight
of the UM gradually increased as the distance dr

became smaller.
The behaviors of the confidence and the weight

coefficient of the SC are shown in Fig. 10b. The
weight coefficient λ ranged from 0 at the beginning
to about 0.9 at the end. In Fig. 10c, the decrease in
dr and dh caused the weight coefficient to gradually
increase. This indicates that control was eventually
managed primarily by the RA, which is expected
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because the RA specializes in final-stage refinement.
The behavior of the feedback force is depicted in
Fig. 10d. The trend of the feedback force was con-
sistent with the trend of the weight coefficient λ,
proving that the force feedback design proposed in
Eq. (33) is effective. The reason why the feedback
force remained large at the end was that the HA
stayed still in the final phase to let the RA adjust
the final grasping position. There was a deviation
between the current position of the MM and the de-
sired position in the UM workspace mapped back to
the MM workspace.

To verify the effect of the posture optimization
method, we presented two feature points s1 and s2
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on the image plane. At the beginning of the process,
the EE was oriented towards the feature point s2 on
the right plane of the image. Then the EE turned
toward s1 on the left image plane.

Fig. 11a shows the angles ϕ1, ϕ2 between the
feature point s1, s2 and the Z-axis direction of the
EE. ϕ2 was smaller than ϕ1 before 43 s. The UVMS
adjusted the posture to move the feature point of
the target object to s2 in the camera view. When
ϕ1 became smaller, s1 became the new target. This
is verified by the sudden change in feature error at
43 s in Fig. 11b. The process of UVMS posture
adjustment and grasping is shown in Fig. 11c.

4.4.2 Comparative simulation

Objective measurements were analyzed using
one-way analysis of variance (ANOVA) with a
significance threshold αc = 0.05. All data passed
the Shapiro-Wilk normality test. The results are
shown in Fig. 12. The ANOVA results can be found
in Table S2 in the supplementary materials.

Fig. 12a shows the EE motion trajectory un-
der the three control methods. Disturbances were
added near the end position, significantly affecting
the robot’s trajectory. Fig. 12b shows that the
RMSE values in position for MC, USC, and AC
methods were 0.022, 0.016, and 0.010 m, respectively.
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This suggests that methods with more autonomous
assistance lead to higher control precision, consistent
with common intuition.

Despite increased error with operator involve-
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ment, it can help mitigate the target loss problem
due to perturbations. Fig. 12c indicates that the suc-
cess rates of MC, USC, and AC were 1.00, 1.00, and
0.77, respectively. Human participation can help the
robot regain sight of the target when it is lost, and
reduce instability caused by external disturbances.

The average task execution time is 80 s for MC,
66 s for USC, and 37 s for AC. The execution time
is reduced by 17.50% compared with MC. The task
execution time differed significantly between control
methods (F (2, 36) = 37.93, p < 0.001). Increased
autonomy resulted in faster task completion, and
thus we accepted Hypothesis 1.

For the trajectory length of the operator input
and eye movements, the data corresponding to AC
are 0. The average length of the operator input was
0.3 for USC and 0.4 for MC, reduced by 25.00%.
The operator input differed significantly between the
two methods (F (1, 24) = 20.56, p < 0.01). Force
guidance played an important role in assisting the
operator, and thus Hypothesis 2 could be accepted.

Fig. 12f shows that the trajectory lengths of the
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operator’s eye movements for USC and MC were
470577 and 729865 pixel respectively, reduced by
35.53%. The operator’s eye movements differed
significantly between methods (F (1, 24) = 30.45,

p < 0.001). Increased autonomy can reduce the oper-
ator’s cognitive load, and thus we found the support
for Hypothesis 3.

Objective measurements substantiate our hy-
potheses that increased autonomy yields superior
performance. The USC method outperforms MC,
while AC offers advantages in execution efficiency.
However, USC stands out as a more reliable option
due to human intervention.

5 Experiments

To validate the effectiveness of the proposed
USC method, we conducted grasping experiments
in a pool using a UVMS. Similar to the simulations,
we carried out a user study to evaluate three robot
control methods: MC, USC, and SC based on a piece-
wise function (PSC). PSC was used as a compara-
tive SC method for USC, with its piecewise function
designed with reference to the baseline approach de-
scribed in Dragan and Srinivasa (2013). The rela-
tionship between the control weight coefficient and
control confidence is as follows:

λ =

⎧

⎨

⎩

0, cr < 0.2,
4
3 (cr − 0.2) , 0.2 ≤ cr ≤ 0.8,

0.8, otherwise.
(36)

5.1 Experimental setup

The configuration of the UVMS employed in the
experiments mirrors that of the simulations, as illus-
trated in Fig. 13a. VINS-Mono (Qin et al., 2018)
served as the localization method in this experimen-
tal trial, and hand-eye calibration was conducted
before the experiments. The console, illustrated in
Fig. 13b, was configured to collect operational data
during task execution. The drivers for the UV and
the UM were implemented using ROS. Both the UV
and the UM were equipped with PID controllers.
The control algorithm can be easily adapted for de-
ployment on an actual UVMS with minimal adjust-
ments. The overall master–slave control framework
of the robot is depicted in Fig. 14.

Eye trackerControl 
PC

Master 
manipulator

(a) (b)

Fig. 13 Experimental setup: (a) underwater vehicle–
manipulator system (UVMS); (b) control console
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Fig. 14 Robot operating system (ROS) control frame-
work of the underwater vehicle–manipulator system
(UVMS)

5.2 Hypotheses

Following the assumption of the objective
measurements above, we developed the follow-
ing hypotheses regarding user-perceived workload,
measured through subjective metrics:
Hypothesis 4 Participants will more strongly
agree on reduced mental and physical demands with
autonomous assistance.
Hypothesis 5 Participants will more strongly
agree on reduced effort with autonomous assistance.
Hypothesis 6 Participants will more strongly
agree on feeling satisfied with autonomous
assistance.

5.3 Procedure

We recruited nine volunteers (seven males, two
females) aged 23–29 years (mean = 25.67, StD =
2.0) to participate in the fake sea cucumber grasping
experiments. All participants are STEM students
pursuing a master’s or doctoral degree. Participants
had low familiarity with teleoperated robots (mean
= 2.22, StD = 0.83). Three participants reported
prior experience with robotics research.

Objective (completion time, success rate, op-
erator input length, and trajectory length of oper-
ator eye movements) and subjective matrices (na-
tional aeronautics and space administration’s task
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load index, NASA-TLX) (Hart, 2006) were adopted
for experimental evaluation. The NASA-TLX sur-
vey assesses the effectiveness and performance of the
system by rating perceived workload. The workload
is categorized into six subscales: (1) mental demand,
(2) physical demand, (3) temporal demand, (4) per-
formance, (5) effort, and (6) frustration. The mean-
ing of each item in NASA-TLX is explained in the
supplementary materials. Each subscale is rated
within a 100-point range with 5-point steps. Lower
scores were considered favorable for each subscale.

Each experimental session included the MC,
PSC, and USC. Before the practical sessions, vol-
unteers were allotted 15 min to acquaint themselves
with both control methods. Volunteers were asked
to fill out the NASA-TLX survey at the end of each
task to collect subjective feelings.

5.4 Experimental results

A structured scene was arranged with objects
placed in a specific order, using Aruco markers to
aid in precise target positioning. A typical fake sea
cucumber grasping process is presented in Fig. 15.

Fig. 16 represents the position trajectory of the
EE throughout the grasping process. Specifically,
Figs. 16a and 16b display the tracking error and
3D trajectory of the EE, respectively. As shown in
Fig. 16a, minor manual adjustments were performed
between approximately 10 and 15 s. During this
time, the distance between the EE and the target
increased. After fine-tuning, the target was success-
fully grasped within approximately 40 s.

Fig. 17 illustrates the behaviors of the motion
coefficient δ, weight coefficient λ, and feedback force.
The motion coefficient in Fig. 17a shifts towards the
UM as the distance decreases. The HA intervention
at approximately 15 s resulted in a change in the
weight coefficient. Fig. 17b shows that the control

weight of the RA starts at a low value of approxi-
mately 0.15 in the initial stage. Subsequently, the
control weight of the RA increased rapidly. The HA
intervened at about 15 s, causing a rapid drop in the
RA control weight coefficient. After that, the control
weight coefficient began to increase until the robot
completely dominated the control at the end of the
stage.

The change in feedback force is shown in
Fig. 17c. The feedback force exhibits a gradually
decreasing trend, and aligns with the changes in
position error depicted in Fig. 16a. Additionally,
the feedback force experiences a slight fluctuation of
around 15 s due to the operator’s control. Fig. 17d
depicts the behaviors of the feature angles. After
about 10 s of operator adjustment, the posture opti-
mized toward the desired s2.

We compared the MC, PSC, and USC in un-
derwater grasping tasks. The same objective mea-
surements as in the simulations for control methods
were recorded for ANOVA analysis. All data passed
the Shapiro-Wilk normality test. The results of the
analysis are presented in Fig. 18. The ANOVA re-
sults can be found in Table S3 in the supplementary
materials.

As shown in Fig. 18a, the average task comple-
tion time was 44 s for MC, 39 s for PSC, and 34 s for
USC. The execution time is reduced by 22.73% and
12.82% compared with that of MC and PSC, respec-
tively. The completion time differed significantly be-
tween control methods (F (2, 24) = 9.58, p < 0.01).
More autonomy resulted in faster task completion.
Significant differences were observed between pairs
of methods. Hence, we accepted Hypothesis 1.

Fig. 18b shows that volunteers can successfully
complete the task, regardless of the control methods
they used. This may be due to the sufficient time
provided for the volunteers to become familiar with

1 2 3

4 5 6

Fig. 15 Sea cucumber grasping process
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the control system. USC does not demonstrate a
distinct advantage in terms of success rate.

Fig. 18c presents the average trajectory lengths
of the operator input, which were 0.5 m for MC,
0.4 m for PSC, and 0.3 m for USC. The input length
is reduced by 40.00% and 25.00% compared with MC
and PSC, respectively. The input trajectory length
differed significantly between the control methods
(F (2, 24) = 8.44, p < 0.01). There were significant
differences between pairs of methods. Hence, we
accepted Hypothesis 2.

Fig. 18d represents the average trajectory
lengths of the operator eye movements, which were
225124 for MC, 198826 for PSC, and 157780 for
USC. This index decreased by 29.91% and 20.64%
compared with MC and PSC, respectively. The av-
erage eye movement trajectory length differed signif-
icantly across the control methods (F (2, 24) = 9.23,
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p < 0.01). Significant differences were observed be-
tween all control methods except for MC versus PSC.
Therefore, Hypothesis 3 was accepted.

Fig. 19 presents the subjective ratings of par-
ticipants for each dimension of NASA-TLX. The SC
method resulted in a slight increase (deterioration)
in mental demand compared to MC. Among the SC
approaches, PSC showed a higher mental demand
than USC. However, the observed increase in men-
tal demand was not as expected. Regarding physical
demand, temporal demand, effort, and frustration,
USC demonstrated notable improvements. In terms
of performance, all three methods received compara-
ble ratings.
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Physical demand differed significantly between
control methods (F (2, 24) = 10.63, p < 0.001). USC
was less physically demanding than MC (p < 0.001)
and PSC (p < 0.05). However, due to the increase in
mental demand, Hypothesis 4 is not supported.

Temporal demand also differed significantly be-
tween the control methods (F (2, 24) = 5.93, p <

0.05). USC resulted in a lower sense of time ur-
gency when performing tasks compared to both MC
(p < 0.01) and PSC (p < 0.05). In contrast, PSC did
not lead to a significant reduction in time pressure.

Effort scores were 70 for MC, 65 for PSC, and
57 for USC. Effort differed significantly between the
control methods (F (2, 24) = 5.57, p < 0.01). Signif-
icant differences were found between pairs of meth-
ods. Post-hoc analysis revealed that increased au-
tonomy led to reduced user effort. Therefore, we
accepted Hypothesis 5.

The average performance scores for the meth-
ods were relatively similar. There was no signifi-
cant difference in performance between the control
methods. Frustration differed significantly between
methods (F (2, 24) = 6.61, p < 0.01). USC resulted
in more positive emotions for operators compared to
both MC (p < 0.01) and PSC (p < 0.05). Post-
hoc analysis revealed that automated assistance can
enhance participants’ feelings and satisfaction while
performing tasks. Thus, we found the support for
Hypothesis 6.

Overall, subjective measurements indicate that
increased automation reduces task load, with oper-

ator ratings following the order of USC > PSC >
MC. This trend is consistent with the results from
objective measurements.

6 Discussions

For objective measurements, the experimental
results of grasping are consistent with the simula-
tion results. As anticipated, USC with autonomous
assistance outperformed the other methods. Sig-
nificant differences were observed in most objective
measures, particularly in execution time, operator
input length, and length of operator eye movements,
supporting Hypothesis 1–3. The objective results
indicate that SC reduced control input length and
cognitive demands on participants, thereby enhanc-
ing operational efficiency during underwater grasp-
ing tasks.

However, there remains some uncertainties in
the subjective results. Significant differences were
observed across most measurements, supporting Hy-
pothesis 5–6. Unexpectedly, USC resulted in an in-
crease in mental demand compared to MC and PSC.
This increase is attributed to the need for collabora-
tion between HA and RA. As one participant noted,
“I need to be constantly aware of RA’s intentions.”
In addition to haptic guidance, incorporating more
intuitive interaction methods (such as VR or dig-
ital twins) could help users better understand the
RA’s intentions. Despite the slight increase in men-
tal demand, there was a significant improvement in
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physical demand and effort.
Users had varying opinions about USC, as re-

flected in the greater variance in performance scores.
Some participants preferred direct MC, with one re-
marking, “While shared control is easier and more ef-
fective, it makes me feel inadequate.” Others noted
that the RA helped them focus on key parts, en-
hancing their performance. Regarding frustration,
most users expressed more positive emotions to-
wards USC than PSC, with comments such as, “It
feels like having a partner to complete the task to-
gether.” Assistance from others generally improved
feelings of well-being. This suggests that exploring
user preferences and adjusting the assistance method
accordingly could be an interesting avenue for future
research.

Although the underwater grasping task is rela-
tively simple, both subjective and objective measure-
ments demonstrate the effectiveness of the method.
This study confirms that USC reduced operator
workload and burden while improving the efficiency
of underwater operations. In future research, we aim
to develop an underwater robot digital twin system,
offering an immersive sense of control and fostering
mutual learning between humans and robots.

7 Conclusions

This study presents a USC architecture for
UVMSs, which incorporates task priority. The
approach combines DSC and ISC, establishing a
hierarchical relationship among subtasks based on
their priority. A haptic feedback system is designed
to assist the operator in completing tasks. A
simulated object-grasping experiment is conducted
to verify the effectiveness of the proposed method
in comparison with AC and MC methods. The
simulation results demonstrate the superiority of the
proposed method over MC, with reductions in com-
pletion time, operator input length, and cognitive
load by 17.50%, 25.00%, and 35.53%, respectively.
Although AC performs well in specific indicators,
human intervention proves beneficial in managing
external disturbances. Based on the objective and
NASA-TLX subjective evaluation results from the
pool experiments, the proposed method outperforms
both MC and PSC. The method reduces completion
time, operator input length, and cognitive load by
22.73%, 40.00%, and 29.91%, respectively, com-

pared to MC. The proposed USC method effectively
alleviates the operator load, and enhances efficiency
in underwater operations.
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