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Abstract— The integration of high-level assistance algorithms
in surgical robotics training curricula may be beneficial in
establishing a more comprehensive and robust skillset for
aspiring surgeons, improving their clinical performance as a
consequence. This work presents the development and valida-
tion of a haptic-enhanced Virtual Reality simulator for surgical
robotics training, featuring 8 surgical tasks that the trainee
can interact with thanks to the embedded physics engine. This
virtual simulated environment is augmented by the introduction
of high-level haptic interfaces for robotic assistance that aim at
re-directing the motion of the trainee’s hands and wrists toward
targets or away from obstacles, and providing a quantitative
performance score after the execution of each training exercise.

An experimental study shows that the introduction of en-
hanced robotic assistance into a surgical robotics training
curriculum improves performance during the training process
and, crucially, promotes the transfer of the acquired skills to
an unassisted surgical scenario, like the clinical one.

Surgical Robotics, Enhanced Training, Haptic Assistance,
Skill Transfer

I. INTRODUCTION

The increase of surgical robotics procedures in the last
decade demands a high number of trained surgeons [1] [2],
capable of teleoperating such advanced and complex systems
and at the same time able to take advantage of the benefits of
Robot-Assisted Minimally Invasive Surgery (RAMIS) safely
and effectively. [3]

This work studies and evaluates the role of Haptic As-
sistance (HA) strategies [4] [5], in the context of enhancing
surgical robotics training for providing an increased retention
and transfer of surgical skills. The haptic interface consists
of high-level algorithms that assist the surgeon by providing
haptic guidance at the level of the leader manipulator,
generating mechanical forces and torques which re-direct the
motion of the surgeon’s hands. HA may be most beneficial
in the training process that aspiring surgeons undertake [6],
which often takes place in a simulated virtual environment
[7]. Exploiting the customizability of simulated surgical tasks
together with the implementation of an augmented training
protocol will enhance the process of learning key surgical
skills [8], in terms of performance [9], retention and transfer
[10].

II. STATE OF THE ART

Surgical robotics training programs have historically been
conducted on animal models: Hanly et al. [11] demonstrated
their validity in the context of learning key surgical robotics
skills, while Patel et al. [12] discussed the role of animal
model training for refining the surgical skillset prior to
the human application. The use of animals allows to train

advanced surgical skills like dissection and homeostasis but
are limited in terms of anesthesia time and anatomical
similarities [13].

Human cadavers represent the most valid solution for these
limitations, as they provide the highest level of realism and
the possibility of performing complete surgical procedures:
Blaschko et al. found that the coordinated, multiple-use of
human anatomic material represents a very effective training
format [14]. More recently, the use of cadavers in training
urological robotic surgeon was correlated to immediate per-
formance improvements on a one-day training session [15].

Both the approaches with animal models and cadavers
are cost-ineffective, non-reusable and non-portable: surgical
training have so evolved into employing simplified but highly
practical dry-lab phantoms (also known as “laparoscopic box
trainers” or “pelvis trainers”), which sacrifice anatomical
resemblance in favor of reusability, reproducibility and costs
[16], and at the same time encouraging concentration [17].
The training on a dry-lab laparoscopic pelvic trainer was
demonstrated to improve the surgical skills of residents, with
beneficial effects on skill retention as well [18]. Inanimate
training phantoms can be augmented with the integration of
sensors and visual feedback systems (LED lights or similar),
which contribute to the skill learning and skill transfer
paradigms [19]. Moreover, novel trends in manufacturing
technology like 3D printing are making dry-lab phantoms
more customizable, affordable and targetable to specific
clinical training requirements [20]. Inanimate training setups
may cover an important role in robustly establishing the
basic skills: however, these setups are not complex enough
for building an extensive and complete skillset, and lack the
possibility of performing simulations of complete surgeries.

A compromise between high realism, reproducibility and
customizability is found in virtual reality (VR) simula-
tions: crucially, VR is the only approach that allows for
performance quantification, a key factor in assessing the
training progress and monitoring the learning curve [21]
[22]. With VR and computerized simulations, surgical tasks
are infinitely customizable and repeatable, with obvious
benefits on the wideness of the trained surgical skillset.
Most importantly, VR allows to calculate quantitative and
objective performance metrics [23] useful for progress mon-
itorning and self-assessment of performance, which has been
demonstrated to ameliorate the learning phase and improve
skill learning [24] [25]. The validity of VR setups and their
efficacy in transferring skills to the operating room was
evidenced by Haque et al. [10], while Aghazadeh et al.
[26] demonstrated a statistical correlation between robotic
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performance in a simulated environment and robotic clinical
performance. Hung et al. [27] confirmed the feasibility of
animal models, cadavers, dry-lab phantoms and VR simula-
tors as effective training tools with a comparative study of
their construct validity.

Recently, the versatility of virtual simulators has been
exploited for the introduction of assistance into surgical
robotics training curricola, with the aim of improving per-
formances and enhancing the learning of psychomotor skills
with visual and visuo-haptic cues [7]. Robotic assistance is
proven correlated to psychomotor learning in the context of
human-robot collaboration [28], as it has been demonstrated
that visual guidance and haptic feedback play a significant
role in surgical error reduction [29]. The role of such assistive
strategies in a real in-vivo surgical scenario is still uncertain
and must be assessed through an extensive clinical trial [30].
The vast majority of assisted training protocols implementing
HA consists of ad-hoc systems [31] [32] [33], which are
limited both in terms of tasks implemented and in terms
of evaluation protocols. Indeed, few studies [34] [35] have
evaluated the trainee’s performance on multiple diverse tasks
and over the course of multiple training days, and the role
of force-based haptic assistance on skill retention and skill
transfer is still unclear.

This work proposes an exploratory assessment of the role
of haptic assistance in the context of surgical training and,
specifically, to the transferrability of skills with a multi-day
experimental protocol articulated in two phases, designed in
order to highlight the difference in the transfer and retention
of skills between a control group and an assisted group.

The novelty of this work consists in the evaluation of
how assisting surgical robotics training affects the surgical
performance even after the training phase, when assistance
is absent.

III. MATERIALS AND METHODS

A. Haptic Assistance Methods for Surgical Training

In the context of HA, assistance is delivered through forces
applied to the manipulators at the surgical console, which re-
directs the motion of the surgeon’s hands in case of improper
or unsafe maneuvers. The magnitude and direction of the
force are computed from the position and orientation of the
End-Effector (EE) relative to the operatory space and the
position of objects in the scene, in a feedback fashion.

Most of the assistance strategies implemented here will
use the distance from the virtual EE tip to the target or
obstacle as the primary metric for determining the intensity
of the feedback force or torque. Different surgical tasks and
situations require a level of control over how the distance is
taken into account, and for this reason a sigmoidal mapping
function is employed for the normalization of the linear or
angular error E into a suitable interval. Specifically, such
mapping is formulated as:

fmap() =
1

1 + e5δw(E−t−h)
(1)

with δ = +1 for guidance towards targets and δ = −1 for
obstacle avoidance. Here:

• t is the assistance threshold, hence the value at which
the sigmoid starts to significantly increase from zero
[mm]

• h is the distance from the threshold at which 1
2 of the

maximum force is provided [mm]
• w controls the width of the linear region, hence the

steepness of the curve [mm−1]
The assistance forces F and torques T that have been

implemented are the combination of an elastic component,
proportional to the error mapped with the sigmoidal func-
tion, and a viscous component proportional to its rate of
change, which damps the possible oscillatory instabilities.
The optimal visco-elastic balance is heavily task-dependent
and surgeon-dependent, and for this reason it is tuned by
manually setting the values of KF , ηF , KT and ηT in the
equations

F = KF · Felastic + ηF · Fviscous (2)

T = KT · Telastic + ηT · Tviscous (3)

which will ultimately result in the haptic outputs provided to
the actuators. For each of the proposed assistance strategies
proposed below, the following actors are defined:

• EE: End-Effector, the tip of the virtual surgical in-
strument, the position and orientation of which are
controlled by the user at the surgical console.

• Target: Element in the scene that the surgeon is asked to
reach for, follow, or stay close to. In relation to specific
task the target can be represented by a 1D trajectory,
2D surface or a 3D object.

• Obstacle: Element in the scene that the surgeon should
avoid, ideally staying as far as possible from it.

1) Trajectory Guidance: Given a reference trajectory -
planned in the pre-operative phase - this assistance steers
the user’s hands in order to align the robotic EE with the
closest point on the trajectory. The feedback force attracts
the EE towards the reference, while the torque rotates it so
that it’s aligned with the tangent vector at the closest point.
Fig. 1.a illustrates the vectors involved in the computation
of the force assistance; specifically, contributions in Eq. 2
expanded as:

Felastic = fmap(∥d∥) · d
d

(4)

Fviscous =

{
d, if v · d < 0

rotate(v, θ, r), otherwise
(5)

Here, d is the distance vector from the surgical instrument
to the closest point in the trajectory, v is the velocity of the
surgical instrument, the rotate(·) function applies a rotational
transform to rotate v of an angle θ around axis r, respectively:

θ = (1 + v · d) · π
2

r = v × d
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Fig. 1. Vectors involved in the computation of the haptic assistance algorithms. a. Trajectory Guidance; b. Obstacle Avoidance; c. Surface Guidance; d.
Insertion Guidance.

This implementation is adapted from [36]. Similarly, contri-
butions to the torque (Eq. 3) are expanded as:

Telastic = arccos(z · t) · z × t (6)

Tviscous =
d

dt
[arccos(z · t)] · z × t (7)

In Eq. 6 and Eq. 7, the angle and axis of rotation which will
achieve this alignment are arccos(z · t) and z× t, respectively.

2) Obstacle Avoidance: With this assistance algorithm,
the distance from an obstacle object to the EE and its rate of
change are used for computing the force feedback, avoiding
collisions of the EE and the obstacle.
The closest vertex point to the EE is identified and, with d
as the normalized distance vector going from such point to
the EE and n as the normal vector of the object mesh at
that point (a graphic representation is depicted in Fig. 1.b),
the force is again computed as the sum of an elastic and a
viscous component:

Felastic = fmap(∥d∥) · n
∥n∥

(8)

Fviscous =
d

dt
(fmap(∥d∥)) · n

∥n∥
(9)

fmap(·) is the error mapping function with δ = −1
3) Surface Guidance: A target surface mesh is used here

as a reference for guidance: this implementation computes
a force and a torque that attracts and align the surgical EE
toward the surface itself. The distance vector to the closest
point belonging to a reference surface determines the force

feedback, while the torque is calculated from the angular
error. For the force computation, the distance vector d goes
from the EE to the closest point of the surface mesh, and n
is the normal vector of the surface at that point. The elastic
and viscous contributions to the force are:

Felastic = fmap(∥d∥) · -n
∥n∥

(10)

Fviscous =
d

dt
[fmap(∥d∥)] · -n

∥n∥
(11)

To compute the torque, one considers the relative ori-
entation of the z-axis of the EE reference frame and the
normal vector n at the closest point on the surface. The
torque generated on the manipulator will aim at aligning
the z-axis with its projection on the tangent plane of the
surface, defined by the normal vector n at the closest point.
The vector projection on the tangent plane is the difference
between the vector itself and its projection on the normal
vector n, obtained from the dot product operator:

zproj = z − (z · n)n (12)

From this, the torque is again the sum of an elastic
component dependent on the angle θ between z and zproj
(specifically θ = arccos(z · zproj)) , and a viscous one
proportional to the angle’s derivative in time. The formula
for the torque is

Telastic = fmap(θ) ·
z × zproj
∥z × zproj∥

(13)
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Tviscous =
d

dt
(fmap(θ)) ·

z × zproj
∥z × zproj∥

(14)

where z × zproj is the axis of rotation.
4) Insertion Guidance: This assistance method aids the

surgical insertion of the EE towards a target point, main-
taining the path of the EE stable inside an insertion cone.
A similar implementation of this HA algorithm, from which
this algorithm is inspired, was proposed by Bettini et al.
[37]. From a starting pose and a target object one defines
an insertion cone as a safe space for the EE to move
while approaching the target object. An insertion angle α
determines the conical aperture and, therefore, how narrow
the safe space is as the EE gets closer to the target. The
vector δ goes from the initial EE position to the target.

l =
(

d · δ

∥δ∥

)
δ

∥δ∥
r = d − l

Fig. 1.d shows a representative example.
For the insertion cone, fixed in space, the aperture a relates

the longitudinal and radial components through the angle α
(expressed in degrees) as follows:

a = tan
(
α · π

180

)
∥r∥ = ∥l∥ · a

The computed feedback force aims at maintaining the EE
position inside the safe insertion cone, therefore the threshold
in the error mapping function fmap(·) is set to t = ∥r∥,
the value of which varies over time and depends on the
longitudinal coordinate l. When the EE is very close to
the target, the threshold becomes very small and the force
gets very close to the maximum value very rapidly, which
causes instabilities. To solve this issue, a “relax distance” dr
is introduced: when the EE is close enough to the target,
the force is relaxed and scaled down to half of its value to
interfere less with the surgeon’s motion so close to the target.
Our clinical consultant suggested that dr should be 20% of
the height of the cone. The force feedback for the Insertion
Guidance assistance strategy is:

Felastic = r(∥l∥) [·fmap(∥a∥)] · a
∥a∥

(15)

Fviscous = r(∥l∥)
[
· d
dt

(fmap(∥a∥))
]
· a
∥a∥

(16)

with

r(∥l∥) =

{
1 if ∥l∥ > dr

0.5 if ∥l∥ ≤ dr
(17)

scaling the force down to its relaxed value depending on
the insertion depth. Here the feedback force has the same
direction as the radial conical coordinate and a magnitude
that is proportional both to the distance to the cone centerline
and the distance to the target point. With this configuration,
the EE tip will be kept inside the reference insertion cone.

B. Surgical Simulator

The simulator comprises eight surgical tasks, four of
which (Path, Rings, Pillars and Exchange) are simplistic
training tasks built with objects of simple geometry, while the
remaining four (Liver Resection, Nephrectomy, Thymectomy
and Suturing) emulate in-vivo surgical procedures and are
therefore more realistic. Fig. 2 collects snapshots of the tasks.
All of these are constructed and set-up in order to be as
challenging as possible in relation to a specific surgical skill.
A set of fundamental pre-operative and intra-operative skills
that any robotic surgeon should acquire during training was
proposed in [38].

C. Surgical Training Hardware

This research was conducted on a daVinci® surgical robot
integrated with the dVRK [39] framework. The Master Tool
Manipulators (MTMs) of the dVRK ® are in fact equipped
with motors usually employed for the sake of homing and
calibration; the HA forces and torques are generated by
energizing these motors according to the inverse dynamics
model of the manipulators [40]. A ROS framework manages
the communication between the teleoperation console of
the dVRK and the virtual surgical scene, which is built
upon the Unity® physics engine: therefore, the real Patient-
Side Manipulators (PSMs) do not move during teleoperation.
The simulator also exploits the 3D viewing capability of
the High-Resolution Stereo Viewer (HRSV) installed on
the teleoperation surgical console: two virtual cameras are
positioned in the Unity® scene at a distance of 5.3mm, with
their feed being sent separately on the left and right oculars
at the console achieving a three-dimensional perception of
the virtual environment. The system runs at 30Hz.

D. Experimental Protocol

Two resident surgeons from the European Institute of
Oncology (IRCCS, Milan, Italy), both regularly performing
RAMIS procedures with the daVinci® robot, kindly dedicated
their time in testing the surgical simulator in all its aspects,
from the motion truthfulness to the complexity of the wrist
articulation to the invasiveness and visco-elastic balance of
the haptic force assistance. Their opinion and expertise were
precious and insightful tools that guided the development
towards a clinically validated robotic surgical simulator.
Moreover, the most expert resident surgeon allowed to have
his performance recorded when practicing with the simu-
lator, which will be considered “peak performance” in the
experimental analysis.

The effectiveness of this assisted training framework has
been assessed with an experimental study where the per-
formance of un-assisted subjects in a control group was
compared to the one recorded from subjects to whom was
provided haptic assistance. 8 novice subjects with little to no
experience with surgical robots were recruited for the study.
The subjects had diverse educational background (engineer-
ing, medicine, computer science) and had either never used a
surgical robot or used it for less than 2 hours in total. Subjects
were 25% females and 75% males, between 23 and 27 years
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Fig. 2. Snapshot of the simulated surgical tasks, with the respective denomination. Training tasks have blue headlines, while realistic evaluation tasks
have orange headlines. Tasks on the same column share the same surgical skills required for their completion. Path and Liver Resection require articulate
wrist motion and stability: the trainee is here asked to follow reference trajectories or to stay close to refence surfaces. They employ Trajectory Guidance
and Surface Guidance, respectively. Rings and Nephrectomy survey the depth perception skills: the user should reach for targets in scenarios where depth-
perception is impeded or non-trivial. Insertion Guidance is the assistance employed in these tasks. Pillars and Thymectomy are hand-eye coordination
tasks: the trainee should perform gripping actions without colliding with nearby structures. assisted with Obstacle avoidance.Exchange and Suturing, both
bi-manual tasks, challenge the capabilities in terms of instrument exchange, and require the user to correctly pass an object from one hand to the other.
Both are assisted with Trajectory Guidance.

of age, all right-handed and either had never teleoperated a
surgical robot or did it less than 5 times. Assignation to the
control or assisted group was random. After a 15 minutes
familiarization period in a “Playground” environment, the
experimental phase was conducted as follows:

• From Day 1 to Day 4 all the subjects executed the
training tasks (Path, Rings, Pillars and Exchange) thrice
a day: force-based haptic assistance was delivered only
to the subjects in the assisted group.

• On Day 5 and Day 6 no training was performed by
neither of the groups.

• On Day 7, both the assisted and the control group were
asked to execute never-seen-before surgical evaluation
tasks (Liver Resection, Thymectomy, Nephrectomy and
Suturing): in this final phase, neither of the groups was
assisted in the execution.

A quantitative estimation of surgical performance is ob-
tained by combining metrics recorded in real-time during
the execution of the task. The simulator logs these metrics
autonomously detecting when the user initiates the execution
and when the task is completed. The metrics are:

• D = ∥pEE − ptarg/obs∥ Distance Error, from the
position of the EE to position of the target or obstacle),
measured in mm

• A = acos(zEE ·ztarg) Angular Error, calculated from the
z-axis of the EE local reference frame and the tangent
vector of the target , measured in rad

• F = f(D, Ḋ,K, η) Force Feedback Magnitude, calcu-
lated by the specific assistance algorithm as a function
of the distance error D, its rate of change Ḋ and the
visco-elastic parameters, measured in N

• T = f(A, Ȧ,K, η) Torque Feedback Magnitude, calcu-
lated by the specific assistance algorithm as a function
of the angular error A, its rate of change Ȧ and the
visco-elastic parameters, measured in Nm

• M the number of drops when exchanging an instrument,

TABLE I
TASK-SPECIFIC WEIGHTS FOR THE CALCULATION OF PERFORMANCE P

Task wD̂ wÂ wF̂ wT̂ wM̂ wĈ

Path 3 2 3 1 0 1
Rings 5 0 4 0 0 1
Pillars 5 0 4 0 0 1

Exchange 2 2 2 1 2 1
Thymectomy 5 0 4 0 0 1
Nephrectomy 5 0 4 0 0 1

Liver Resection 3 2 3 1 0 1
Suturing 2 3 1 2 1 1

non-dimensional
• C the fraction of task time spent repositioning with

respect to the total task time, non-dimensional
These values are logged at each frame of the task execution

and are then averaged once the task is complete. Metrics are
combined with a weighted average to obtain a quantitative
performance score: the weights are dependent on the task
and the key surgical skills that such a task requires and have
been determined with the help of our clinical consultants.
Considering “optimal execution” the one achieved by the
resident surgeon, the quantitative performance index P for
a task execution is the weighted average of the performance
metrics normalized by the performance metric recorded from
the expert surgeon.

P =
1

10

6∑
k=1

wk · Xk(subject)

Xk(surgeon)
(18)

with k ∈ {D,A, F, T,M,C} refers to each of the metrics
included in this study. Weights are reported in Table III-D.

IV. RESULTS

Fig. 3 shows the performance trends for one of the four
training tasks, where the performance at each repetition is the
average among the subjects in the assisted or control group.
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Fig. 3. Left: Performance trend of assisted subjects (blue) and unassisted subjects (orange) of the Path training task; Right: Boxplots of the average
performance of assisted subjects (blue) and unassisted subjects (orange) of the Thymectomy evaluation task

The trends are increasing both for the assisted group and
the unassisted group. Most significantly, the performance in
the assisted group is consistently higher than the one in the
control group. The performance trends shown for Path are
representative of the other three training tasks (Rings, Pillars
and Exchange). The performance on one of the four valida-
tion tasks recorded on the last day of the experimental phase
is also shown in Fig. 3 with boxplots. The graph reports the
distribution of performances collected from the 4 subjects
executing 3 repetitions. Crucially, neither the subjects in
the assisted group nor the ones in the control group were
guided with HA on these tasks, nevertheless the performance
recorded from the assisted subjects is distributed on higher
values for all the tasks. The performance distribution shown
for Nephrectomy, Liver Resection and Suturing mimic the
one reported in Figure 3, which is referred to Thymectomy.

Quantitative results are obtained by comparing, for each
task, the mean, standard deviation and median values of
performance between the assisted and the control group.
Given the data scarcity and their non-Gaussian distribution,
the most meaningful conclusions will be drawn from the
median values. Apart from Nephrectomy showing a slightly
reduced median performance on assisted subject (−2.71%),
all other tasks present an increase in both the mean and me-
dian performance, as high as +21.54% for Liver Resection
(Thymectomy +13.07%, Suturing +8.44%).

V. DISCUSSION

The results suggest that HA grants a performance improve-
ment when executing surgical tasks, an aspect that may be
most beneficial in terms of safety and invasiveness when
translated in the real surgical context. Under this light, haptic
assistance effectively acts as an error-correction strategy
which, when applied in real-time, re-directs the EE towards
safer spatial regions by acting on the master manipulators
gripped by the surgeon. Concerning the training experience
and the associated learning curve, the available results do
not show any significant difference when comparing the two
groups, and the hypothesized benefits of HA regarding this
aspect remain to be verified.

The most interesting considerations may be drawn from
the difference in performance on the never-seen-before unas-
sisted evaluation tasks, in favor of the assisted subjects.
Since for these tasks, which were purposely designed to
resemble real surgical scenarios, no haptic assistance was
provided to either of the groups, it can be concluded that
the introduction of haptic assistance in the training phase
could contribute to the skill transfer from training tasks to
surgical tasks. This is arguably due to the integration of
the haptic guidance into the visuo-haptic motor feedback
loop that acts during teleoperation. As a consequence, the
benefits of employing haptic assistance could arise after the
training phase as well, when Haptic Assistance is not in
use. However, these assertions would benefit from a larger
experimental study.

Other than the population size and scale of the ex-
perimental study, limitations of this work include a fixed
parametrization of the visco-elastic balance of the assistive
force, which might benefit some users and impede others.
Extensions of this work might include adaptive force control
algorithms that tailor the visco-elastic parameters in real
time. Additionally, the longer term (months, years) effect of
force assisted training protocols is still uninvestigated.

VI. CONCLUSIONS

This work features the development of a haptic-enhanced
VR surgical simulator integrated with a surgical robot and
an experimental study on the role of force-based haptic
assistance employed as assistance strategies in the surgical
training context. The results of the experimental study sug-
gest that employing HA during the training phase of surgical
practice leads to improved performance and might contribute
to skill transfer toward real surgical scenarios where haptic
assistance is absent.
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and Gy Wéber. Minimally invasive surgical technologies: Challenges
in education and training. Asian Journal of Endoscopic Surgery,
3(3):101–108, 2010.

[18] Jean Dubuisson, Fleur Vilmin, Michel Boulvain, Christophe Combes-
cure, Patrick Petignat, and Philippe Brossard. Do laparoscopic pelvic
trainer exercises improve residents’ surgical skills? a randomized
controlled trial. European Journal of Obstetrics & Gynecology and
Reproductive Biology, 206:177–180, 2016.

[19] Guido Caccianiga, Andrea Mariani, Elena De Momi, Gabriela
Cantarero, and Jeremy D Brown. An evaluation of inanimate and
virtual reality training for psychomotor skill development in robot-

assisted minimally invasive surgery. IEEE Transactions on Medical
Robotics and Bionics, 2(2):118–129, 2020.

[20] Brandon Smith and Prokar Dasgupta. 3d printing technology and its
role in urological training. World journal of urology, 38(10):2385–
2391, 2020.

[21] Junling Fu, Alberto Rota, Shufei Li, Jianzhuang Zhao, Qingsheng
Liu, Elisa Iovene, Giancarlo Ferrigno, and Elena De Momi. Recent
advancements in augmented reality for robotic applications: A survey.
In Actuators, volume 12, page 323. MDPI, 2023.

[22] Darshan D Ruikar, Ravindra S Hegadi, and KC Santosh. A systematic
review on orthopedic simulators for psycho-motor skill and surgical
procedure training. Journal of medical systems, 42(9):1–21, 2018.

[23] Louise Moody, Chris Baber, Theodoros N Arvanitis, and Martin
Elliott. Objective metrics for the evaluation of simple surgical
skills in real and virtual domains. Presence: teleoperators & virtual
environments, 12(2):207–221, 2003.

[24] Jeannie MacDonald, Reed G Williams, and David A Rogers. Self-
assessment in simulation-based surgical skills training. The American
journal of surgery, 185(4):319–322, 2003.

[25] Justin D. Bric, Derek C. Lumbard, Matthew J. Frelich, and Jon C.
Gould. Current state of virtual reality simulation in robotic surgery
training: a review, 6 2016.

[26] Monty A. Aghazadeh, Miguel A. Mercado, Michael M. Pan, Brian J.
Miles, and Alvin C. Goh. Performance of robotic simulated skills tasks
is positively associated with clinical robotic surgical performance. BJU
International, 118:475–481, 9 2016.

[27] Andrew J Hung, Isuru S Jayaratna, Kara Teruya, Mihir M Desai,
Inderbir S Gill, and Alvin C Goh. Comparative assessment of three
standardized robotic surgery training methods. BJU international,
112(6):864–871, 2013.

[28] Herbert Heuer and Jenna Luettgen. Robot assistance of motor learn-
ing: A neuro-cognitive perspective. Neuroscience & Biobehavioral
Reviews, 56:222–240, 2015.

[29] Guido Caccianiga, Andrea Mariani, Chiara Galli de Paratesi, Arianna
Menciassi, and Elena De Momi. Multi-sensory guidance and feedback
for simulation-based training in robot assisted surgery: A preliminary
comparison of visual, haptic, and visuo-haptic. IEEE Robotics and
Automation Letters, 6(2):3801–3808, 2021.

[30] Eduard Fosch-Villaronga, Pranav Khanna, Hadassah Drukarch, and
Bart Custers. The role of humans in surgery automation. International
Journal of Social Robotics, pages 1–18, 2022.

[31] Yanping Lin, Xudong Wang, Fule Wu, Xiaojun Chen, Chengtao Wang,
and Guofang Shen. Development and validation of a surgical training
simulator with haptic feedback for learning bone-sawing skill. Journal
of Biomedical Informatics, 48:122–129, 2014.

[32] Mahya Shahbazi, S Farokh Atashzar, and Rajni V Patel. A dual-user
teleoperated system with virtual fixtures for robotic surgical training.
In 2013 IEEE International Conference on Robotics and Automation,
pages 3639–3644. IEEE, 2013.

[33] Minsik Hong, Jerzy W Rozenblit, and Allan J Hamilton. Simulation-
based surgical training systems in laparoscopic surgery: a current
review. Virtual Reality, 25(2):491–510, 2021.

[34] Nima Enayati, Allison M. Okamura, Andrea Mariani, Edoardo Pelle-
grini, Margaret M. Coad, Giancarlo Ferrigno, and Elena De Momi.
Robotic assistance-as-needed for enhanced visuomotor learning in
surgical robotics training: An experimental study. pages 6631–6636.
Institute of Electrical and Electronics Engineers Inc., 9 2018.

[35] Andrea Mariani, Edoardo Pellegrini, Nima Enayati, Peter Kazanzides,
Marco Vidotto, and Elena De Momi. Design and evaluation of a
performance-based adaptive curriculum for robotic surgical training:
a pilot study. In 2018 40th Annual International Conference of the
IEEE Engineering in Medicine and Biology Society (EMBC), pages
2162–2165. IEEE, 2018.

[36] Ke Fan, Aldo Marzullo, Nicolo Pasini, Alberto Rota, Matteo Pecorella,
Giancarlo Ferrigno, and Elena De Momi. A unity-based da vinci
robot simulator for surgical training. In 2022 9th IEEE RAS/EMBS
International Conference for Biomedical Robotics and Biomechatron-
ics (BioRob), pages 1–6. IEEE, 2022.

[37] Alessandro Bettini, Panadda Marayong, Samuel Lang, Allison M.
Okamura, and Gregory D. Hager. Vision-assisted control for manipu-
lation using virtual fixtures. IEEE Transactions on Robotics, 20:953–
966, 12 2004.

[38] Roger Smith, Vipul Patel, and Richard Satava. Fundamentals of robotic
surgery: A course of basic robotic surgery skills based upon a 14-
society consensus template of outcomes measures and curriculum de-

9672



velopment. International Journal of Medical Robotics and Computer
Assisted Surgery, 10:379–384, 9 2014.

[39] Peter Kazanzidesf, Zihan Chen, Anton Deguet, Gregory S. Fischer,
Russell H. Taylor, and Simon P. Dimaio. An open-source research
kit for the da vinci® surgical system. pages 6434–6439. Institute of
Electrical and Electronics Engineers Inc., 9 2014.

[40] Luigi Villani Bruno Siciliano Giuseppe A. Fontanelli, Fanny Ficu-
ciello. Modelling and identification of the da vinci research kit robotic
arms. 2017.

9673


