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Abstract— Robotic surgery has revolutionized minimally in-
vasive procedures by offering enhanced precision, dexterity,
and patient outcomes. However, the training and operational
paradigms in robotic surgery have not evolved in parallel.
Current apprenticeship models fall short in this domain, as
robotic surgery isolates the primary surgeon in a teleoperated
control loop, limiting opportunities for hands-on learning by
trainees. To address this, we present the first implementation of
a multilateral controller on a da Vinci Research Kit (dVRK), en-
abled by a four-channel teleoperation architecture and learning-
based force estimation on a dual-console setup. This framework
allows an expert and novice to share motion and force authority
on the patient side robots through an adjustable dominance
factor. We validated the system in three experiments. In
transparency tests, the architecture achieved sub-millimeter
position tracking errors (PTE < 0.2mm) and force tracking
errors (FTE < 1N). In a palpation pilot user study (N=10) with
tumor-tissue phantoms, participants identified stiffer regions,
without visual feedback, with 83% accuracy in single-user
mode (o = 1) and 74% accuracy in dual-user shared mode
(a = 0.5). In a suturing force control pilot user study (N=10),
novices significantly reduced force error and increased time
within the safe range after expert-guided training, with no
suture breakage observed post-training. These results on a dual-
console dVRK setup demonstrate the feasibility of expert-in-
the-loop training with real-time haptic guidance, positioning
multilateral teleoperation as a promising approach for surgical
skill transfer.

I. INTRODUCTION

Robotic-assisted minimally invasive surgery (RAMIS) has
transformed clinical practice by enhancing dexterity, pre-
cision, and ergonomics. Among RAMIS platforms, the da
Vinci Surgical System (Intuitive Surgical Inc., Sunnyvale,
CA) is the most widely adopted, with thousands of instal-
lations worldwide [1]. Despite their success, commercial
systems mostly lack haptic feedback (with the latest da
Vinci 5 [2] being one exception), depriving surgeons of
force and tactile cues that are fundamental for safe and
effective tissue manipulation [3]. This limitation not only
impacts expert performance but also presents challenges for
surgical training, where force misapplication can lead to
tissue damage or poor skill acquisition.

Research over the past two decades has sought to restore
haptic feedback in robotic surgery through sensorized instru-
ments [4]-[7] and sensorless force estimation [3], [8]-[10].
Bilateral teleoperation with haptic feedback has been stud-
ied extensively in both surgical and non-surgical contexts,
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Fig. 1. A Dual-Console da Vinci Research Kit. a) Patient Side Manipulators
(PSMs); b) Novice Console and Master Tool Manipulators (MTMs); c)
Expert Console and Master Tool Manipulators

showing that transparency, often defined as accurate position
and force tracking between master and follower, is critical
for operator performance [11]-[14]. However, nearly all of
these studies consider bilateral teleoperation with a master
and a follower robot.

Despite the advantages of robotic surgery over conven-
tional laparoscopy, training with current robotic surgery sys-
tems, as critically examined by Beane [15], can often fail to
produce surgeons with adequate hands-on training experience
in the operating room. Residents are frequently relegated to
passive observation to ensure patient safety. While this model
is necessary for risk management, it prevents the active,
hands-on experience required to develop critical motor skills
and adaptive decision-making.

Robotic surgery vendors have introduced virtual reality
(VR) simulators to offer risk-free practice of basic tasks
[16]; however, systematic reviews [17], [18] indicate that
while these systems enhance fundamental technical skills,
they often fail to capture the complexity of real procedures
needed for advanced surgical competencies. Complementary
strategies integrating haptic and visual guidance [19], [20]
and motion replay methods [21] can improve performance,
though the “guidance hypothesis” warns that excessive sup-
port might impede autonomous skill development.

In surgical education, dual-console systems [22] (such
as the da Vinci Xi dual-console) are increasingly used for
mentoring, allowing an expert to take over control from a
trainee. Yet, current implementations are limited to switching
or splitting control rather than dynamically sharing control
authority through kinesthetic coupling with haptic feedback.
Recent proposals for multi-user multilateral haptic training
systems [23]-[28] promise more intuitive, real-time haptic
feedback by dynamically adjusting control authority between
users for shared control, yet such systems have not been fully
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realized on clinical platforms due to challenges in obtaining
reliable haptic measurements. To our knowledge, there is no
prior demonstration of multilateral haptic shared control on
a da Vinci platform.

Contributions: This paper presents the first implemen-
tation and feasibility demonstration of multilateral haptic
teleoperation on a da Vinci system (dVRK) [29]. This is
achieved through our novel framework with learning based
sensorless force estimation and a four channel (position and
force exchange) multilateral teleoperation architecture. Our
framework enables multiple operators (expert and novice) to
share control authority through adjustable dominance factors.

We evaluate the system through three sets of experiments:

1) Transparency: assessment of position and force tracking
under the proposed transparency optimized four-channel
control architecture.

2) Tumor detection through palpation: a pilot user study
evaluation of force perception and performance across
different dominance factor allocations, providing in-
sights into optimal strategies for haptic shared-control.

3) Suturing force control: a pilot user study where novices
are guided by an expert in applying correct suture
forces, demonstrating the potential for hands-on surgical
training.

By bridging shared control and haptic teleoperation for
surgical training, and introducing a dual-console da Vinci
Research Kit for the first time, this work establishes mul-
tilateral shared haptic control as a promising paradigm for
surgical education and cooperative skill transfer.

II. METHOD

To enhance hands-on training in robotic surgery, we
propose a multilateral teleoperation framework implemented
on a da Vinci Research Kit (dVRK) system with dual-
consoles (Fig. 1). In a typical da Vinci Surgical System, a
surgeon operates from a console equipped with two master
tool manipulators (MTMs), footpedals for clutching and
endoscope control, and a stereo display that provides detailed
views from the endoscopic camera. The surgeon controls the
MTMs with both hands, and the corresponding patient-side
manipulators (PSMs) replicate these scaled-down motions. In
the standard unilateral teleoperation framework, the MTMs
serve as masters and the PSMs as followers, with no kines-
thetic (position/force) feedback transmitted from the PSMs
back to the MTMs.

With the proposed dual-console dVRK system as shown in
Fig. 2, two surgeons can simultaneously teleoperate the same
PSMs. The right-hand MTMs are coupled with the right-
hand PSM and the left-hand MTMs with the left-hand PSM,
forming a multilateral teleoperation loop that incorporates
both position and force feedback between the PSMs and
MTMs. Control authority over each PSM is governed by
dominance factors defined within the multilateral control law.

A. Teleoperation Architecture of Dual-Console dVRK system

To achieve transparency in bilateral teleoperation [11],
Lawrence [12] showed that it is necessary to exchange
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Fig. 2. Haptic Shared Control on a dual-console dVRK through multilateral
teleoperation. « is the dominance factor, F'g, Fv, F'p are the expert, novice
and patient side robot forces. The right MTMs control the right PSM and the
left MTMs control the left PSM. Position control and motion/force scalings
have been omitted for clarity.

both position and force measurements between the master
and follower robots, and proposed the four-channel control
architecture. This framework was later extended to multi-
user multilateral teleoperation systems for haptic training
[23], [24], [27]. Inspired by these works, we introduce a
four-channel teleoperation architecture for the dual-console
dVRK for optimized system transparency in multilateral
teleoperation. To address authority allocation between the
expert and the novice for haptic training, we introduce a
single dominance factor 0 < a < 1. To address the motion
and force scaling typically required between the MTMs and
PSMs in robotic surgery, we introduce a position scaling
factor 5 and a force scaling factor . These terms allow hand
motions and forces at the master console to be appropriately
scaled down on the patient side.

Based on this formulation, we propose the following con-
trol law for the left-hand manipulators coupling the Expert
MTM-L, the Novice MTM-L, and the PSM-L. An identical
controller is applied to the right-hand manipulators, linking
Expert MTM-R, Novice MTM-R, and PSM-R:

F.p = Cp(OZXE + (1 — Ol)XN — ﬁXp)

+Cy(aFp+(1—a)Fy +9Fp) (D)
Fop =Cp(Xp — Xg)
+ Cp(aFg + (1 — a)Fy +vFp) 2)
Fon =Cp(BXp — Xn)
+ Cp(aFg + (1 —a)Fx +vFp) 3)

where F.g, F.n, F.p denote controller forces of the Ex-
pert MTM, the Novice MTM and the corresponding PSM,
respectively, and FE, FN, and Fp are the estimated external
forces applied to the corresponding components. Cj, is the
control gain of a position-channel PD controller and C'y is
the control gain of a force-channel proportional controller.
Together, they constitute the controller of a robot arm, and
each robot arm is equipped with an independent controller.
Note that while the teleoperation framework is constructed
in Cartesian space, the underlying low-level controllers are
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Fig. 3. Control block diagram for the left hand of the dual-console dVRK. The other hand follows the same control architecture. The three dashed boxes
denote the robot arm controllers of identical structure, each comprising a position and a force controller. The force estimation module is described in

Subsection: Learning-Based External Force Estimation.

in joint space. The software performs the necessary transfor-
mations between the two spaces. The control block diagram
is illustrated in Fig. 3.

This control law is formulated to satisfy the following
transparency relations between robot forces and velocities,
assuming ideal conditions such as perfect dynamic compen-
sation and negligible communication delays:

Xp 0 0 ARRE
Xyl=1] 0 0 —B| | Fn @
Fp —a/y —(1-a)/y 0] |-Xp

Gmod

where G4 is the modified inverse hybrid matrix [27].

Under this condition, the proposed control law ensures
that the MTMs move together and that the PSM follows
their scaled motion: aXg + (1 — )Xy = BXp. The
master forces will be transmitted to each other and to
the PSM as determined by the dominance factor selection:
aFg+ (1 —a)Fy = —yFp. The users will move the same
PSM instrument together and will therefore feel the forces
from each other as well as from the environment (in opposite
direction).

B. Dominance Factor setting for Multilateral Shared Control

In multilateral teleoperation, each operator’s influence on
the follower can be adjusted using dominance factors, which
weight the contributions of their commands. By tuning these
parameters, the system can be switched between guidance,
training, and evaluation modes within a haptic training
curriculum [25].

In our framework, we employ a single dominance factor
o. When a = 0 or 1, the system reduces to a bilat-
eral teleoperation loop between one user and the PSM,
while the second user passively follows the motion and
perceives haptic feedback without contributing input. These
configurations correspond to the evaluation and guidance
modes respectively. In guidance mode the novice follows

the expert motion to obtain muscle memory, whereas in
evaluation mode the expert can evaluate stand-alone novice
performance. When 0 < a < 1, the system operates in
training mode, where both users contribute motion goals
to the PSM with relative influence determined by o. While
some studies assign separate dominance factors to position
and force channels [27], we apply a shared factor for both,
providing a unified measure of each user’s influence.

It should be noted that in our case, « is omitted from the
master position goals in Eq. 2 and Eq. 3. The reason is that
including it in the control law (e.g., Cy,(8Xp —aXg) would
lead to singularities in the controller goals when o = 0/1.

C. Learning-Based External Force Estimation

External forces can be estimated from joint torques [10].
In the dVRK, joint torques are computed by measuring
the motor currents and converting them through the motor
torque constants. One limitation of this approach is that the
measured joint torques are the sum of the internal (dynamics)
torques required to move the robot and the external torques
due to contact with the environment. For precise haptic
feedback from the environment, it is desirable to subtract
the dynamics torques (which include the effect of gravity)
from the total measured torque.

One way to achieve this is by identifying robot dynamics
with neural networks. Following our previous works [10],
[14], [30], we build a network consisting of a long short-
term memory (LSTM) layer and three fully connected (FC)
layers. Each network is responsible for the identification of
three robot joints. The model’s inputs are the joint positions
and velocities, and its outputs are the estimated internal
joint torques. We compute estimated internal Cartesian forces
from the identified internal joint torques and subtract them
from the measured total Cartesian forces to obtain the
external force. Fig. 4 shows our pipeline for force estimation.
In our dual-console dVRK system, six robots (four MTMs
and two PSMs) are used, meaning that twelve models are
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Fig. 4. Force estimation pipeline. (I and r indicates the left and right hand
of the console.)

executed during each control loop. Having smaller networks
improves identification performance, but a large number of
models, in our case, introduces significant latency. To address
latency, we merge all models into a single graph by the Open
Neural Network Exchange (ONNX) library. This graph can
be optimized by ONNX graph optimization, and thus reduce
the computational cost associated with redundant activation
of identical model structures.

D. Hardware Setup and Software Implementation

Figure 5 presents a block diagram of the system imple-
mentation. A standard dVRK, consisting of two MTMs and
two PSMs, is designed for single-user operation. To enable
dual-user operation, one dVRK console is connected to the
control PC via FireWire (IO1), while two additional MTMs
from a second console are integrated into the system through
an Ethernet connection (I02). All robot arms are teleoperated
within a single Python executable, and all the data related
to robot states, robot motion commands, identification of
the second console, as well as the communication between
the two dVRK consoles, are managed by the dVRK system
component [29]. Note that the Python code directly interfaces
with the C++ dVRK system component, avoiding overhead
due to middleware such as ROS.

PSM1 |— Python Interpreter
Multilateral ] Force Config
PSM2 teleoperation estimation files
A A
- - MTMs, Fm———- -1
! ! PSMs 1 !
: MTML + v MTML :
I 1 1
: : dVRK System (C++) :
1 | MTMR MTMR |1
! ! 101 102 I |
| Console 1 | Console 2 |
Fig. 5.  Software block diagram. Standard dVRK system component

(C++) is loaded as Python module and configured to use two I/O ports
to communicate with arms (MTMs, PSMs) and footpedals (not shown).
Multilateral teleoperation and force estimation are implemented as Python
threads and interface to arm Cartesian and joint controllers, respectively, in
dVRK system component.

The software is implemented in Python using a pseudo-
dual-thread architecture. The main thread runs the teleoper-
ation control loop at 850 Hz, handling tasks such as robot
arm alignment, state query, and controller execution, while
a secondary thread periodically performs model inference
for force estimation at 300 Hz. During each control loop,
external force commands are taken from the models’ outputs.
If there are no new results from the models, the controller
maintains the most recent output.

III. EXPERIMENT DESIGN

To evaluate the performance of our system, we conducted
three experiments, divided into two major categories: (A)
quantitative evaluation of transparency through force tracking
and position tracking; and (B) user studies consisting of
a palpation test and a suture pulling test. The two user
studies, each with 10 novice (non-medical) subjects, were
approved by our institutional review board (HIRB 00000701)
and focused on assessing the performance of shared haptic
feedback and the feasibility of surgical skill transfer. In the
experiments, 3 in eq. 1 is set to 5 for safety, meaning that
the motion of the PSM is scaled down by a factor of 5 with
respect to the users’ motion on the MTMs. This reduction in
effective motion amplitude also helps mitigate hand tremors.
In addition, the peak output torques of the PSMs and MTMs
in the dVRK are different. We observed peak MTM forces
around 5N and PSM forces around 7N, so we set v to 0.7
to match saturation thresholds.

A. System Transparency Evaluation

In this experiment, the dual-console dVRK system was
operated by two users in training mode, with the dominance
factor set to o = 0.5. The shared control tasks, including
free motion and contact with rigid objects, were designed
to evaluate system transparency in both the position and
force channels. In the free motion task, each of the two
operators manipulated their MTMs to execute a specific
trajectory, while their three-dimensional Cartesian positions
were recorded throughout the task. In the object contact task,
a 3D printed hard platform was fixed to the workbench, as
illustrated in Fig. 6(a-c). The two operators were asked to
press the platform sequentially and then simultaneously. The
pressing task comprised three trials in total, each along a
different axis (X, Y, and Z), with force data, measured from
robot arms, recorded for each trial. All tasks were performed
separately for each hand.

Position tracking ability was quantified by the Position
Tracking Error (PTE), which is the difference between the
weighted MTM positions and the PSM position. Similarly,
the Force Tracking Error (FTE) was computed as the differ-
ence between the weighted MTM forces and the PSM force,
representing the force-matching performance. Following the
transparency matrix (4), the errors are given by:

PTE = aXp+ (1—a)Xy — BXp (5)

FTE = oFg+ (1 —a)Fn +~vFp (6)
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Fig. 6. Experiment setup for contact test, contact in (a) X-axis, (b) Y-axis,
(c) Z-axis, (d) palpation test and (e) suture pulling test.

We used the root mean square error (RMSE) and the
normalized root mean square error (NRMSE) for position
and force tracking evaluations. RMSE is defined as

N
1
MSE = . | — 0.2
RMS ¥ ;(y i) (7)
NRMSE is defined as
MSE
NRMSE = i ()

Ymax — Ymin

For position tracking, y; corresponds to the measured PSM
trajectory and ¢; to the combined MTMs trajectory. For force
tracking, y; corresponds to the measured PSM force and g;
corresponds to the combined MTMs force.

B. User Study 1: Palpation

This experiment evaluates whether force feedback from
the PSMs, within a shared-control framework, enables users
to distinguish differences in tissue stiffness, thereby high-
lighting its potential value in clinical training. For this
purpose, two tissue phantoms were prepared. Specifically,
Phantom 1 (100 mL plastisol + 50 mL softener) and Phantom
2 (150 mL plastisol) were selected as representative samples.
Tumor phantoms, composed of 100 mL plastisol and 100 mL
hardener, were embedded into the tissue phantoms during the
molding process. This provides two phantoms of different
stiffness contrast levels: Phantom 1 has a large stiffness
contrast (1500 vs. 450 N/m), whereas Phantom 2 has a small
stiffness contrast (3000 vs. 2600 N/m). The experiment setup
is shown in Fig. 6(d). A rigid sleeve was fitted onto the
PSM end effector to prevent potential damage to the phan-
tom without compromising haptic feedback. Additionally, to
eliminate visual bias, the phantom was occluded by a 3D-
printed lid, leaving only two openings for palpation, one of
which concealed a tumor. The initial palpation region was
randomly assigned at the beginning of each trial.

All ten participants took part in the palpation experiment,
which consists of two stages: a single-user stage and a
dual-user stage. In the single-user stage, each participant

Force (N)

o 5 10 15 20 25 30 35 o 5 10 15 20 25 30 35
Time (s) Time (s)

Fig. 7. Force-time curve measured from a force sensor during dual-user
palpation test (left) and suture pulling test (right), illustrating the user’s
interaction behavior

completed five trials, with each trial consisting of four
palpation attempts under o = 1. In the dual-user stage, the
ten participants were divided into five groups of two, and
each group performed five trials under o = 0.5, where the
two participants alternated palpation for four attempts and
then submitted their answers simultaneously. After each trial,
the participants were asked to identify the region with tumor,
and their answers were recorded for analysis.

As a representative example, Fig. 7 (left) shows the force-
time curve during one dual-user palpation trial, demonstrat-
ing the characteristic interaction of participants.

C. User Study 2: Suture pulling

In the third experiment, we designed a suturing force con-
trol case using a 3D printed platform fixed to a force/torque
sensor. A suture thread (size 5-0) was fixed to the platform
with a surgical knot, and only one PSM was required to
pull the thread to achieve the desired suturing tension. In
Fig. 6(e), the setup for this experiment is illustrated, and
the thread and knot can be seen in the lower left corner.
The setting of the dominance factor is &« = 0.5 during
the experiments. Each participant sequentially completed the
following five phases in one session:

i One standalone trial as baseline: participants were in-
structed to pull the suture for approximately 30 seconds.
Three training trials: while participants pulled the su-
ture, an operator monitored the force magnitude from
the force sensor and gave corrective haptic guidance,
assisting the participant to keep the force magnitude
between a predefined range for approximately 30 sec-
onds. Based on the maximum suturing force reported
in [31], we defined the ideal surgical suturing force
range between [2.5, 4.5]N. To avoid bias from force
monitoring, only the operator was able to view the
force magnitude plot. It should be noted that none of
the participants had prior robotic suturing experience
and the force sensor was used to emulate an expert’s
judgment of appropriate force during suturing.

One post-training trial: participants were asked to pull
the suture for approximately 30 seconds without guid-
ance. As a representative example, Fig. 7 (right) shows
the force-time curve during one suture pulling trial,
demonstrating the characteristic interaction of partici-
pants.

The complete procedure ensures that all participants ex-
perienced the full training process, and we compared the

=

i

=

ii
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TABLE I
RMSE AND NRMSE (%) OF POSITION TRACKING (FREE MOTION) AND FORCE TRACKING (PRESSING TASK).

Position RMSE (mm)

Position NRMSE (%)

Force RMSE (N) Force NRMSE (%)

Axes X Y Z X Y

Z X Y Z X Y Z

Left hand | 0.11 | 0.17 0.09 0.20 | 0.42

0.21 0.59 | 0.64 | 0.67 | 553 | 7.65 | 9.42

Right hand | 0.12 | 0.17 0.17 0.19 | 0.53

0.24 0.65 | 0.62 | 0.83 | 9.65 | 9.00 | 9.93

post-training result with the baseline to demonstrate the
effectiveness of the training.

IV. RESULTS

This section analyzes the results of the three experiments.
Specifically, we analyze the system’s transparency and force
tracking performance, haptic feedback quality in palpation,
and training benefits in suturing.

A. System Transparency Evaluation

Transparency is evaluated with position and force tracking
RMSE/NRMSE errors from two users sharing control of two
PSMs in free motion and contact. As shown in Table I,
both operator consoles achieved sub-millimeter accuracy in
position tracking, with all RMSE values below 0.2 mm.
The corresponding NRMSE values were consistently below
1%, indicating highly accurate reproduction of the MTM
trajectories at the PSM side. For force tracking, the RMSE
values across all axes were below 1N, and the NRMSE
values remained under 10%, demonstrating reliable reflection
of interaction forces. It is noteworthy that the errors along
the z-axis were slightly higher than those along the z-
and y-axes, which may be attributed to imperfect gravity
compensation by the LSTM model. These results are compa-
rable to dVRK bilateral teleoperation results in the literature
[14], and confirm that the proposed multilateral teleoperation
system provides high-fidelity position and force tracking.
To complement these quantitative results, Fig. 8 provides
position and force tracking plots from three consecutive
contact motions along the x-y-z directions.

B. Haptic Feedback for Tumor Detection through Palpation

The performance of haptic feedback was evaluated through
the palpation experiment where the users tried to determine
hidden tumors in the phantoms. The success rate of the four
tasks can be found in Table II.

As shown in Table II, the average accuracy of Tasks 1 and
2 was 83%, while that of Tasks 3 and 4 was 74%, indicating
higher palpation accuracy in the single-operator case than in

TABLE I
ACCURACY OF TUMOR DETECTION THROUGH PALPATION

Success Rate (%)

Task «a Phantom (Difficulty) Mean (Min—-Max)
1 1.0 Soft (Easy) 96.0 (80-100)
2 1.0 Firm (Hard) 70.0 (60-80)
3 0.5 Soft (Easy) 82.0 (60-100)
4 0.5 Firm (Hard) 66.0 (20-100)
Overall 78.5 (20-100)

the dual-user case. This can be explained by the fact that
when a = 1, the environment force is fully transmitted to
the operator. In contrast, when a = 0.5, the environment
force feedback is mixed with the other MTM force. Even if
the second operator is not active, the added dynamics of the
second MTM in the control loop induces operational force
artifacts.

In addition, the average accuracy of Tasks 1 and 3 was
89%, whereas that of Tasks 2 and 4 was 68%, demonstrat-
ing that accuracy dropped substantially when the phantom
condition changed from a large stiffness contrast to a small
stiffness contrast. This is because the reduced stiffness con-
trast made the perceptual cues less distinguishable to the
users. Overall, the system achieved an average accuracy of
78.5%, indicating that the multilateral teleoperation system
can provide effective haptic feedback for stiffness discrimi-
nation.

C. Suturing Training Benefit

The training benefit was evaluated using the suture pulling
experiment, and the effectiveness of training was assessed
using two quantitative metrics: Mean band error, defined
as the average deviation of the applied force from the target
band [2.5, 4.5] N; and In-band time, defined as the percentage
of time the applied force remained within the target band.
To evaluate differences between baseline and post-training,
paired t-tests were performed to capture changes within the
subject.

As shown in Fig. 9, most participants demonstrated im-
proved performance after training. Notably, four users broke
the thread during the baseline trials, whereas no user expe-
rienced breakage after training, indicating the effectiveness
of the proposed training framework. In terms of mean band
error, nine out of ten users exhibited reductions, and the
paired t-test yielded a statistically significant improvement
(p = 0.02). This indicates that training effectively enhanced
participants’ ability to regulate the applied force within the
desired range. For in-band time, nine users improved, and the
paired t-test also showed a significant increase (p = 0.02),
demonstrating that training helped participants to sustain
their pulling force within the safety band for a longer
duration. Importantly, these analyses excluded the trials with
baseline breakage (NA values); therefore, the true training
benefit is likely underestimated, as the complete elimination
of breakage represents an additional and substantial improve-
ment.
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Fig. 8.
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which is defined in eq. (5). Position plots are for illustrative purposes only and are not summarized in Table I.
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Fig. 9. Suturing force control performance metrics before and after training. NA indicates thread was broken in this trial.

This paper presents the first implementation of multilateral
shared haptic control on a dual-console dVRK system. The
system adopts a four-channel teleoperation architecture to

V. CONCLUSIONS

achieve improved transparency, with a dominance factor in-
troduced to change the training mode in accordance with the
needs of surgical training tasks. Improved user performance
after training with the system highlights the applicability
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of the proposed system for surgical skill transfer. However,
the user studies conducted have several limitations. The
sample size was relatively small, and the results should be
interpreted as preliminary validation. All participants were
novices with non-medical backgrounds, so future studies
with medical trainees and surgeons are needed for clinically
relevant evaluation. In addition, while performance improved
on immediate tasks, long-term skill retention and transfer
with multilateral haptic guidance remain open questions.

The primary contribution of this paper is the first im-
plementation and feasibility demonstration of multilateral
shared haptic teleoperation on a dual-console dVRK, enabled
by a four-channel architecture and learning-based force es-
timation. Accordingly, the present study focuses on system
transparency characterization and pilot user studies to estab-
lish technical feasibility and training potential. Future work
will include controlled comparisons against dual-console
operation without haptic feedback to approximate current
commercial mentoring workflows, as well as increasing con-
troller bandwidth and incorporating dynamic compensation
for enhanced tracking performance, integrating multisensory
feedback such as visual overlays to better separate user and
environment contributions, and conducting a discrete-time
stability analysis to theoretically characterize the closed-loop
stability of the proposed multilateral architecture.
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