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Abstract—During robot-aided surgical interventions, the surgeon can benefit from the application of virtual fixtures (VFs).
Though very effective, this technique is very often not practicable
in unstructured surgical environments. In order to comply
with the environmental deformation, both the VF geometry
and the constraint enforcement parameters need to be online
defined/adapted. This paper proposes a strategy for an effective
use of VF assistance in minimally invasive robotic surgical tasks.
An online VF generation technique based on the interaction
force measurements is presented. Pose and geometry adaptations
of the VF are considered. Passivity of the overall system is
guaranteed by using energy tanks passivity-based control. The
proposed method is validated through experiments on the da
Vinci Research Kit.
Index Terms—Surgical Robotics: Laparoscopy; Compliance
and Impedance Control; Physical Human-Robot Interaction.

I. I NTRODUCTION

R

OBOT-aided surgery permits filtering the surgeon’s hand
tremors and scaling down motions in order to make
highly precise and dexterous movements inside the patient’s
body. This allows reducing trauma and postoperative pains
which, in turn, results in significantly faster recovery time for
patients.
In recent years, the application of shared-control techniques
to robotic surgical interventions started to be investigated.
Among these techniques, the use of virtual fixtures (VFs) has
been identified as one of the most promising approaches [1].
VFs are software generated constraints which restrict the
motion of a robotic manipulator into predefined regions or
constrain it to move along a preplanned path [2]. This allows
improving the operator’s performance by reducing the mental
workload, increasing the precision and/or decreasing the task
completion time.
A wide variety of surgical tasks can benefit from the use
of VFs, such as percutaneous needle insertion, femur cutting
for prosthetic implant, suturing. However, the main drawback
of this methodology is the strong task dependency: switching
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among even structured tasks would require interruptions and
reprogramming of the system. Moreover, unstructured environments pose additional challenges to the VFs application.
For instance, in minimally invasive robotic surgery the environment is deformable due to the flexibility of the organs and
this makes the precomputed VF techniques hardly practicable.
A. Problem statement
Automatic VF generation/adaptation can be performed by
exploiting vision-based techniques [3], [4]. Vision systems
allow tracking organs as they move or deform. However, this
can be a demanding task, particularly in cases where surgical
targets have few structural features for tracking. Alternatively,
force controlled exploration of patient-specific anatomy can
be a time consuming procedure and thus not practicable in
some surgical interventions [5]. Whatever method is used to
generate them, to be effective in the surgical scenario, VFs
must be adapted online as the environment moves or deforms,
i.e. they must be repositioned and/or opportunely refined in
order to reflect the different environmental configuration. Very
few papers make a significant consideration of adaptive VF,
where the constraint geometry (semi-)autonomously moves as
a result of environmental changes.
On the other hand, guaranteeing a stable behavior of the
robot endowed with adaptive VF control is of a paramount
importance in robotic surgery. Interactive VF application results in variable impedance controllers that could threaten the
stability of the robotic system [6], [7]. The analysis of the
system behavior is complicated by the interaction with the
user which further contributes to the overall system impedance
parameters variation. Thus, passivity-based control techniques
need to be exploited in order to ensure the safe use of the
system for every change in the impedance parameters. In other
words, during VF adaptation the robot must asymptotically
converge towards an equilibrium point.
B. Related Works
Related works in this field can be separated into two main
topics: 1) adaptive virtual fixtures, 2) passivity-based control.
1) Adaptive virtual fixtures: historically, robotic teleoperation systems have made use of VF as a perceptual overlay to enhance the human experience in performing remote
manipulation tasks. Rosenberg pioneered VF in his work [8].
Since then, renewed interest has been shown in their use for
robotic surgical procedures. In [9] the first attempt to transfer
VF to the operating room is shown. The authors used VF
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generated from preoperative computed tomography images
and constrained the motions of a surgical robot to a predefined
path during the dissection of the internal mammary artery.
Interactive generation of VF in surgical applications has been
addressed in [10] where constrained optimization is used to
enforce the VF constraint with objective function derived by
user inputs.
More recently, it has been shown that VF can be opportunely
generated using scans of the area of interest [11], [12]. A dynamic VF technique to enhance the surgical operation accuracy
of admittance-type medical robots in deforming environments
is presented in [13]: the target deformation is tracked actively
and the proxy motion is constrained on a deforming sphere
to simulate the beating heart surgery environment. One of the
major obstacles in implementing vision generated VF in surgical applications is the organs displacement and deformation:
whether the constraint geometry is defined preoperatively or
intraoperatively, it must be mapped correctly to the organs as
they move or deform.
Alternatively, VF may be opportunely adapted according
to the currently being executed task or on the estimation of
surgeon’s skills. Learning from demonstration has been used
for task dependent VFs application in [14], whereas adaptive
VFs, based on the surgeon’s level of expertise, are shown
in [15]. An algorithm to select an appropriate admittance
ratio based on the nature of the task was developed in [16]:
automatic admittance ratio tuning is recommended for an
efficient use of VFs. A method for online task tracking and
on the use of adaptive VFs that can cope with their inherent
inflexibility is presented in [17].
2) Passivity-based control: few authors have addressed the
stability issues caused by VF adaptation as this can threaten the
system stability. In [18] the authors applied and experimentally
validated a non-energy-storing class of dynamic guidance VFs
that do not suffer from internal energy accumulation. Utilizing
a friction model to enforce constraints ensures that energy
is not accumulated into the system [19]. However, frictional
constraints suffer from problems related to forbidden regions
replication. Redirection of VF forces in surgical robotics based
on a passivity preserving condition has been presented in [20].
Stability of the closed-loop system can be investigated using
the small-gain theorem: a sufficient condition, that guarantees
stability in the presence of time-varying communication delay,
is derived in [15]. Variable impedance/admittance control of
robotic manipulators makes largely use of passivity-based control techniques to stabilize the system. An interesting approach
relies on the concept of energy tanks and has been effectively
used in [6], [7], [21]. The energy tanks approach is particularly
suitable for the teleoperation, where large damping factors may
degrade the transparency of the bilateral telerobotic system.
C. Contribution
This paper presents a methodology for online interactive
generation and passive adaptation of VF for robotic assisted
surgical interventions. More specifically, we propose:
• a VF pose and geometry adaptation strategy that uses a
human-in-the-loop VF generation technique;

an energy tanks passivity-based control method that ensures a stable system behavior.
The proposed methodology is validated through experiments
performed on the da Vinci Research Kit (dVRK) [22], in which
surgical dissection tasks have been considered.
The remainder of the paper is organized as follows: in
Sect. II we present preliminary methods used in our implementation; Section III contains VF generation and adaptation
techniques; Section IV shows the energy tanks passivity-based
control; Section V contains the performed experiments and
results alongside a discussion; Section VI concludes the paper.
•

II. P RELIMINARIES
In this section we illustrate the methods used for the implementation of VFs to generic teleoperated robotic systems.
A. Robot Impedance Control
A very common practice in robotic teleoperation is to have
an admittance/impedance controlled master robot. Considering
a n degree-of-freedom (DoF) manipulator and defining a task
space vector x ∈ Rr , with r ≤ n, the following impedance
dynamics can be achieved through control
¨ + D x̃
˙ = f h + f vf (·) ,
M x̃

(1)

where x̃ = xd − x, with xd being the desired value for the
robot task space variable, M ∈ Rr×r and D ∈ Rr×r are
inertia and damping matrices respectively, usually designed to
be fixed, diagonal and positive definite, f h ∈ Rr is the vector
of the external forces applied by an interacting user and f vf (·)
is the additional force due to the possible presence of VFs. The
above dynamics can be obtained by setting the torque control
input τ ∈ Rn of the master robot as (see [23] for more details)
τ = B (q) v + N (q, q̇) + J T (q) f h
v=

J −1
A

(q) M

−1

(2)

˙ − M J̇ A (q, q̇) q̇ − f h,A ),
(M ẍd + D x̃

(3)

where B (q) ∈ Rn×n is the joint space inertia matrix, J (q),
J A (q) ∈ Rr×n are the geometric and the analytical Jacobians,
respectively, and
N (q, q̇) = C(q, q̇)q̇ + g (q) + h(q, q̇)

(4)

accounts for Coriolis and centrifugal contributions
C(q, q̇)q̇ , gravity
g (q) , friction and other disturbance

torques h(q, q̇) . Notice that the term f h,A differs from f h
by a mapping, depending on the orientation representation.
B. External force estimation
Equation (2) requires the measurement of the external forces
f h . When they are not directly measurable, force estimation
could be performed by resorting to a nonlinear dynamic
observer [24], [25]. This method allows the estimation of
unknown external forces without the need of measuring the
usually noisy acceleration signal.
In greater details, considering the measured torque vector
τ r ∈ Rn , a residual vector can be defined as follows
r (t) = K I



B (q) q̇ −

Z

t
0



r (σ) + τ r + Ñ (q, q̇) dσ



, (5)
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where K I is a diagonal and positive definite gain matrix and
Ñ (q, q̇) = C T (q, q̇)q̇ − g (q) − h(q, q̇).

(6)

Hence, the estimated external forces f̂ h can computed using
the following equality
f̂ h = J −T (q) r,

(7)

where J −T (q) denotes the generalized inverse of the robot
Jacobian transpose. Hereafter, we will consider f h = f̂ h .
C. Virtual Fixtures
VFs can be classified into two main classes: forbiddenregion virtual fixtures (FRVF) and guidance virtual fixtures
(GVF) [2]. Generally speaking, FRVF are suitable for simulating barriers, constraining surfaces or delicate regions that
the user should be forbidden to enter. In contrast, a GVF has
an attractive behavior that pulls the robot end-effector towards
a desired path (see Fig. 1).
In this work, we focus on the latter VF type (hereafter, we
will refer to GVF simply as VF). Two quantities are essential
to describe a VF: its geometry and the constraint enforcement
method.
1) VF geometry model: a simple, yet general, way of
geometrically formulating a smooth continuous VF is through
parametric curves. Without loss of generality, we adopt cubic
splines. In its 1-dimensional form, a cubic spline is defined by
Γi (s) = C0 + C1 (s − xi ) + C2 (s − xi )2 + C3 (s − xi )3

D. Minimun distance
For cubic splines, described by (8), there does not exist
an analytical solution to the problem of minimum Euclidean
distance computation. However, this problem can be tackled
by resorting to iterative methods, such as Newton-Raphson
(NR). This represents a general method of finding the extrema
(minima or maxima) of a given function in an iterative manner.
Our goal is to find the spline parameter s̄ corresponding to
the minimum distance point xd = Γ(s̄). For this purpose,
starting from a generic initial condition s0 ∈ [0, 1], we use the
customary NR update law

(8)

where Γi (s) denotes the curve in its i-th interval [xi , xi+1 ],
s ∈ [0, 1] is the curve parameter, C0 , C1 , C2 , C3 are constants
determined by imposing four conditions (usually being boundary constraints Γi (0), Γi (1), Γ′i (0), Γ′i (1), where Γ′i (·) denotes
the curve derivative w.r.t. the parameter s). As explained later
in this work (Sect. III), we build the spline geometry by fitting
a set of recorded interaction points. For this purpose, we use
parabolically terminated splines.
2) VF constraint enforcement: a GVF exhibits attractive
behavior towards the desired path. The simplest constraint
enforcement method consists in applying a spring-damper like
force. In the linear case this can be defined as follows

˙ = −K vf x̃ − D vf x̃,
˙
(9)
f vf x̃, x̃

where K vf ∈ Rr×r and D vf ∈ Rr×r are properly designed
diagonal and positive definite matrices and xd is the set-point
belonging to the constraint geometry having minimum distance
from x (see Fig. 1). An impedance controlled manipulator (1),
endowed with VF control forces defined in (9), exhibits a
closed-loop behavior that can be described by
¨ + D̂ x̃
˙ + K vf x̃ = f h ,
M x̃

Fig. 1. Example of Guidance Virtual Fixture (GVF) spline geometry and
minimum distance from the robot tool central point x. t̂ and n̂ denote the
tangent and the normal directions, respectively, with origin in xd , i.e., the
x nearest point on the curve. Fi : {O i ; xi , y i , z i } = inertial frame, Fvf :
{O vf ; xvf , y vf , z vf } = virtual fixture frame.

(10)

where D̂ = D + D vf contains the damping assigned both
by the impedance control and the VF constraint enforcement
method. The desired dynamics (10) can be easily obtained
by adding the elastic and damping contributions shown in the
right-hand side of (9) to the control input defined in (3).

sk+1 = sk +

δ(x, sk )
,
δ ′ (x, sk )

(11)

where δ (x, s) : Rr × R → R is the distance function between
a point x and the spline Γ(s), that is given by
q
T
(12)
δ (x, s) = (x − Γ (s)) (x − Γ (s))
and δ ′ (x, sk ) denotes the derivative at sk of (12) with respect
to the curve parameter s.1
III. V IRTUAL F IXTURE G ENERATION AND A DAPTATION
We now proceed to describe the VF generation technique
and the adaptation strategies.
A. VF generation
Our aim is to let the user interactively program VFs for
interaction tasks (e.g. surgical dissections). Among many other
choices, we adopt the policy of recording a set of interaction
points that are then used to build the VF geometry. In this
way, the surgeon is given the ability to program the VF
geometric path by simply interacting with the environment.
Interaction detection is possible by measuring forces at the
slave side. Recorded points are then fitted through a penalized
regression spline fitting algorithm in which coefficients of (8)
are obtained by minimizing the sum of least squares plus a
1 Although computationally very efficient, NR method can converge to local
maxima/minima. To tackle this problem, we use the previously determined s̄
as initial guess for the next minimum distance query. We empirically found
this method to be effective for our scope.
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penalty function which suppresses nonlinearity and controls
the curve smoothing. Mathematically, the problem is described
by
Γ (s) = arg min
Γ(s)

X

(yi − Γ(si ))2 + λ

i

Z

(Γ′′ (s))2 ds

!

(13)

where λ is the regularization parameter that penalizes nonlinearities in the path, yi is the i-th recorded interaction point
and Γ′′ (s) is the curve second derivative of Γ(s) with respect
to its parameter s.
B. VF adaptation
To adapt a VF preserving the proposed human-in-the-loop
approach, a non linear and time varying stiffness profile is
adopted for K vf in (10). This is used to both limit the spatial
and the temporal influence of a VF. More specifically, we
design each non-zero entry of the stiffness matrix to be
kvf,ii (x̃, t) = β(x̃, t)Kmax

∀ i = 1, . . . , r

(14)

where kvf,ii is the (i,i) entry of the K vf matrix, β(x̃, t) is an
impedance shaping function, t denotes time and Kmax is the
maximum stiffness value adopted. The definition of β(x̃, t)
allows to realize different adaptation strategies as detailed in
the following two sections.
1) Pose adaptation: the pose adaptation strategy consists in
positioning a predefined VF geometry into a desired location.
With reference to Fig. 1 the problem is to define a desired
reference frame Fvf,d : {O vf,d ; xvf,d , y vf,d , z vf,d } to which the
current VF reference frame Fvf : {O vf ; xvf , y vf , z vf } must
converge to. As explained, to make this procedure interactive
for the user, we adopt the policy of recording a set of slave
robot interaction points with the environment that are then
used to fit the predefined geometry. To allow the user to
freely record new interaction points, we found convenient to
limit the spatial influence of the current VF adopting the β(x̃)
function qualitatively depicted in Fig. 2: this function allows
the operator to easily exit the VF constraining zone and freely
record new interaction points as sought. For each task space
variable β(x̃) is mathematically described by

0




 
π (|x̃| − d)
1
β (x̃) =
1 + cos

2
l−d


1

if |x̃| ≥ l
otherwise

(15)

if |x̃| ≤ d

where l is the distance at which the VF attractive action
vanishes completely and d is the threshold distance value
inside which the stiffness perceived is Kmax . Once a set of
recorded interaction points is available, the classical leastsquares minimization method is used to fit the predefined
geometry onto it. This gives the desired VF pose that minimizes the sum of squared residuals between the VF from
the point set, i.e. Fvf,d . This pose is then tracked online by
suitably defining the pose error between Fvf,d and Fvf frames.
Indicating with R = [n, s, a] and Rd = [nd , sd , ad ] the
rotation matrices associated with Fvf and Fvf,d , respectively,
the error can be written as follows (see [23])
#
 "
O vf,d − O vf
eP
1
,
=
e=
eO
(n × nd + s × sd + a × ad )
2


(16)

where O vf,d and O vf ∈ R3 denote the desired and current
frame origins, respectively. A simple proportional control
law defined on the error in (16) allows it to asymptotically
converge to zero guaranteeing a smooth regulation behavior.
The resulting error dynamics can be written as follows
ė + Λp e = 0

Λp > 0,

(17)

where Λp is a positive definite diagonal matrix containing
control gains that are numerically different to account the nonhomogeneous dimensions of the error blocks.
2) Geometry adaptation: The geometry adaptation strategy
consists in transforming the current VF geometry into a desired
one.
We suppose that the user is performing a task aided by
the currently active VF and necessarily needs to deviate,
e.g. to comply with the environment deformation. The same
interaction points fitting strategy used for the VF generation
(see Sect. III-A) can be used to define a new desired geometry.
In this case, the user may want to completely deactivate the
current VF to freely record new interaction points. To let the
impedance parameters of the former VF to gradually vanish,
we use the following temporal variation of the stiffness
β(t) =

1
2



1 + cos



π (t − ts )
t i − ts



ts < t < t i

(18)

where ts , ti are the starting and final instant of the stiffness
variation time interval. Once a new desired geometry has been
defined, the problem is to redirect the robot tool central point
x towards the new VF.
To achieve a smooth behavior of the system, we let the
impedance parameters gradually materialize. This is realized
by the following temporal stiffness variation
β(t) =

1
2



1 − cos



π (t − ti )
tf − t i



ti < t < t f

(19)

where ti , tf are initial and final instants of the positive
impedance variation, respectively. To activate/deactivate the
VF according to the stiffness variation laws (18) and (19)
different strategies can be adopted. We decided to associate
this functionality to the pressing of a dVRK console foot pedal.
It is worth noting that the proposed impedance variation
strategy can be also employed to smoothly apply a VF or
switch between two of them: switching the attraction point
xd from one VF to another, when the stiffness reaches zero,
guarantees a smooth transition of the system. From a passivity
point of view this translates in not generating additional energy
into the system.
IV. E NERGY TANKS PASSIVITY-BASED C ONTROL
We now proceed analyzing the system passivity when
subject to the proposed impedance variations (see Sect. III-B).
The following definition of passivity is used
Definition 1. A system with state space model ẋ = f (x, u) ∈
Rq , with initial state x (0) = x0 ∈ Rq , input vector u ∈ Rl
and output y = h (x, u) is said to be passive if there exists
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1 β

0.5

−l

−d

0
d
x̃ [m]

l

Fig. 2. VF impedance shaping function β(x̃) used to limit the VF spatial
influence. x̃ denotes the difference between the desired and current value or
the master task space variable.

(a) Linear dissection tasks with VF (b) Curvilinear dissection task with
pose adaptation.
VF geometry adaptation.

a positive semidefinite function S : Rq → R+ , called storage
function, such that
Z t
S (x (T )) − S (x0 ) ≤
y T (t) u (t) dt
(20)

Fig. 3. Experimental setup and tasks.

0

the energy stored in the tank [27]. We note that (26) is singular
for z = 0, thus a lower threshold ε for the tank energy must
also be set.
Thus, the extended dynamics can be rewritten as follows

for all input signals u : [0, T ] → Rl , initial states x0 ∈ Rq
and T > 0. Thus, proving passivity is equivalent to finding an
appropriate storage function S (x) such that
Ṡ ≤ y T u

∀(x, u).

(21)

It can be easily noted that the model in (10) is not guar˙ if we
anteed to be passive w.r.t. the input-output pair (f h ,x̃)
consider as storage function the system energy
˙ = 1 x̃
˙ T M x̃
˙ + 1 x̃T K vf x̃,
H(x̃, x̃)
(22)
2
2
where M , and K vf have been defined in Sect. II. Indeed, the
time derivative of (22) (assuming that M remains constant
over time) can be written as follows (omitting arguments of
˙
H(x̃, x̃))
˙ M x̃
¨ + x̃ K vf x̃
˙ + 1 x̃T K̇ vf x̃,
(23)
Ḣ = x̃
2
which, evaluated along the system trajectories, becomes
T

T

˙ T f h − x̃
˙ T D̂ x̃
˙ + 1 x̃T K̇ vf x̃.
Ḣ = x̃
2

(24)

Since K̇ vf can have both positive and negative eigenvalues, a
sufficient, yet conservative, condition to satisfy (21) is to have
a negative semidefinite K̇ vf in (24).
A possible solution to this problem is to design a passivity
preserving controller that tracks the desired stiffness profile
while limiting its change when condition (21) is violated. To
this end, we exploit the concept of energy tanks, introduced
in [26], which aim at recovering the dissipated energy of the
system to implement a less conservative impedance variation
without violating the overall passivity of the system. To this
end, the master side manipulator is endowed with an energy
storing element having the following storage function
T (z) =

1 2
z ,
2


¨ + D̂ x̃
˙
M x̃


 + K vf x̃ = f h


K̇ vf = α Λk (K vf,d − K vf ) + K̇ vf,d


γ1 T
ϕ˙T ˙

x̃ K̇ vf x̃
D̂ x̃ −
ż = x̃
z
z2

,

(27)

where Λk ∈ Rr×r is a diagonal and positive definite matrix containing the stiffness tracking control parameter and
α ∈ {0, 1} is a variable used to activate/deactivate the stiffness
variation in case of passivity violation. The master system,
endowed with the energy tank, has the following energy
function
1˙T ˙
1
1
H = H + T = x̃
M x̃ + x̃T K vf x̃ + z 2 ,
(28)
2
2
2
whose time derivative is given by
˙ T M x̃
¨ + x̃T K vf x̃
˙ + 1 x̃T K̇ vf x̃ + z ż (29)
Ḣ = Ḣ + Ṫ = x̃
2
which, evaluated along the system trajectories, becomes
˙ T f h − (1 − ϕ) x̃
˙ T D̂ x̃
˙ + (1 − γ) 1 x̃T K̇ vf x̃.
Ḣ = x̃
2
By defining the following control laws for α, ϕ and γ
(

0
α=
1
(
1
ϕ=
0

if T ≤ ε & K̇ vf > 0
otherwise

γ=

(

(30)

ϕ if K̇ vf < 0
1 otherwise
(31)

if T ≤ T̄
otherwise

the system in (27) is passive with respect to the input-output
˙ with storage function (28). Indeed, it can be easily
pair (f h ,x̃)
verified that (30) always satisfies the condition (21).
V. E XPERIMENTS AND R ESULTS
We now describe the experimental setup and present the VF
pose and geometry adaptation experiments.

(25)

whose dynamics is described by the following equation
γ1 T
ϕ˙T ˙
D̂ x̃ −
(26)
x̃ K̇ vf x̃,
ż = x̃
z
z2
with z ∈ R being the state of the tank and ϕ, γ ∈ {0, 1} are
parameters used to enforce the upper bound limitation T̄ for

A. Experimental setup
The experiments have been performed on the dVRK platform. The robot has been used in teleoperation mode, with one
Patient Side Manipulator (PSM) commanded by one Master
Tool Manipulator (MTM). The MTM has been controlled
using impedance control inputs described in Sect. II-A with
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mii = 1.5, dii = 0 being the (i, i) entries of the matrices M
and D, respectively. The dVRK dynamic parameters used in
(2) had been previously identified in [28]. The application of
torque inputs has been possible thanks to the open-source hardware and software architecture developed by [29]. Given the
discrete-time implementation and in order to have a critically
damped system behavior, the D vf has been adapted
according
p
to the stiffness variation such that dvf,ii = 2 mii kvf,ii where
dvf,ii and kvf,ii are the (i, i) entries of the matrices D vf and
K vf , respectively. Forces at the slave side have been measured
making use of the dVRK trocar force sensor developed in [30].
The object used for experiments is a silicon rubber phantom
commonly used by surgeons for training. It has been placed on
a plastic 3D printed support. The fitting algorithm described
by (13) has been implemented using the ALGLIB library [31].
The values of the β function limits in (15) have been fixed
to d = 0.005 m and l = 0.02 m, while ti = tf = 2.5 s
in (18) and (19). The maximum stiffness has been fixed to
Kvf,max = 600 N/m.
The energy tank upper threshold has been chosen as T̄ =
0.01 J while the lower threshold, has been set to ε = 0.002
J. The gap between these two quantities has been designed
according to the maximum potential energy that is possible
to store using the proposed β(x̃) function (see Fig. 2), i.e.
Ep,max = 1/2Kvf,max d2 . The VF control loop runs at 5 ms
while the teleoperation loop at 1 ms.
B. Pose adaptation experiment
The pose adaptation strategy (introduced in Sect. III-B1)
is evaluated in multiple dissection tasks executed in spatially
separated regions. Without loss of generality, we fix the
geometry of the VF to be a spline representing a straight line.
This particular choice is made to present clearer and more
intuitive results of the pose adaptation. In this case, the fitting
strategy for the VF geometry reduces to a linear regression
problem where the desired y vf,d axis of the Fvf,d reference
frame is fitted using the last np = 50 recorded interaction
poses of the slave robot with the environment. In addition,
we leave the human operator free to move in the direction
orthogonal to the phantom (see Fig. 3(a)). Every dissection
task requires multiple interaction phases with the environment
in which points are recorded. The VF pose is continuously
updated by fitting these recorded points. With reference to
Fig. 4 the experiment starts with the VF approximatively
placed on the first dissection line. As soon as the robot starts
interacting with the environment, the desired stiffness reaches
the Kmax value and the user is aided in accomplishing the first
task by complying with the VF geometry. Around 20s the user
switch to another task by exiting the current VF influence
area (|x̃| > l). This can be seen in Fig. 4(e) in which we
register a peak in the estimated force at the master side (≈ 5 N)
when the stiffness starts to decrease. Notice that this exiting
is made possible by the β(x̃) function chosen in (15). During
the subsequent time period, the user moves in free motion, i.e.
fh ≈ 0 as it can be seen in Fig. 4(e) (time interval [20,25]s).
A new interaction phase takes place in a spatially separated
region at 25s. The new desired VF pose is calculated and the
VF is updated following the method described in Sect. III-B1.

Fig. 4. VF pose adaptation experiment. Time histories of: (a) VF and tool
central point pose along the x direction; (b) stiffness; (c) energy tank level;
(d) slave interaction force; (e) human operator force on the master side.

Figure 4(d) shows the interaction force norm recorded at the
slave side together with the chosen threshold δ̄ = 0.5 N. This
has been used to discriminate between interaction and free
motion during the acquisition of points for the VF generation.
Also note that, upon the starting of a new task, xvf,d changes
significantly. However, the user does not experience guidance
forces until the VF reaches the proximity of the master robot
position. Indeed, only when |x̃| < l the stiffness is increased.
This effect is again produced by the chosen β(x̃) function (15).
As mentioned in Sect. IV, the change in stiffness threatens
the system passivity. The energy tank passivity-based control
ensures a passive behavior by implementing the change in
stiffness only when sufficient tank energy is at disposal. This
is evident looking at Figs. 4(b) and 4(c). In particular, we can
notice that the stiffness is kept constant (i.e. K̇vf = 0) when the
tank is at its lower threshold until it gets replenished, thus not
introducing discontinuities. This is made possible through the
use of control laws given in (27) and (31). Fig. 4(b) contains
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Referring to Fig. 5, the experiment starts with the first VF
generation (time interval [0, 13] s) in which interaction points
are recorded and the path is generated by the fitting algorithm2 .
The resulting VF geometry is shown in Fig. 5(a) as a solid
red line, together with the corresponding interaction points (in
pink). Subsequently, the VF is activated and the dissection
task is started (time interval [13, 32] s). During the task the
surgeon decides to change the previously defined VF geometry
to comply with a possible plan/environmental change. First,
the current VF is deactivated and a new VF generation phase is
undertaken (time interval [32, 51] s). To deactivate the current
VF the impedance is brought to zero following the variation
law presented in (18) by pressing a foot pedal. Newly recorded
points are fitted as explained in Sect. III-A to generate a new
VF. The resulting VF geometry is represented in Fig. 5(b)
as a solid red line together with interaction points in gray.
The VF is then activated to complete the task (time interval
[51, 70] s). Figure. 5(c) contains the time history of the desired
stiffness variation according to the laws (18) and (19). Even in
this case, the passivity of the system is preserved by means of
the energy tanks passivity-based control described in Sect. IV.
Figure 5(d) contains the time evolution of the tank energy used
to implement the stiffness variation. The effect of the passivitybased control action is evident in 5(c) (around time 51 s) where
the tank is discharged and the stiffness is kept constant until it
gets replenished. Finally, figure 5(e) shows human operator’s
estimated forces on the master side during the task execution:
it can be seen that when the VF is activated the user is aided
by guidance forces in performing the task.
A video showing both real and simulated experiments [32]
is attached to this paper.
Fig. 5. Geometry adapation experiment. (a) First VF geometry generated by
the recorded interaction points. (b) Second VF geometry. (c-e) Time histories
of: (c) stiffness; (d) tank energy level; (e) human operator estimated force on
the master side.

a focus around 50 s that emphasizes this behavior.
Finally, looking at the estimated forces in Fig. 4(e), it can
be noticed that relatively high forces (≈ 5 N) are only applied
at the task switching.
C. Geometry adaptation experiment
The geometry adaptation experiment consists in the refinement of a VF geometry to comply with a possible environmental change. We sought for a simple yet effective
method to perform the VF geometry adaptation respecting
the human-in-the-loop paradigm. This resulted in a procedure
composed by the following steps: (i) the user can generate the
desired VF geometry using the proposed interactive generation
method presented in Sect. III-A; (ii) the user can activate
the VF by pressing a foot pedal and start performing the
task; (iii) the user may want to deviate from the previously
defined path to comply with the environment/plan change;
thus she/he can deactivate the current VF and freely record
new interaction points for generating a new VF path; (iv)
the user can activate the latest generated VF by releasing the
foot pedal and be aided during the task completion. We have
performed an experiment involving the above defined steps.

D. Discussion
When the impedance variation profile is known in advance,
a state-independent stability constraint can be imposed [33].
However, this would imply the application of a fixed damping
parameter on the system (opportunely defined on the basis
of the maximum stiffness variation, i.e. worst case design)
which degrades the system transparency when the bilateral
teleoperation is enabled. The same applies to other passivitybased control techniques, such as the time domain passivitybased control approach [34]: here, the control action in the
form of a dissipative element that absorbs the energy generated
by the system causes, in general, the presence of higher
damping on the system. These considerations motivated us
to use the energy tanks passivity-based control approach.
We also note that the proposed VF path generation, that
uses interaction points recording, constitutes a simple yet
effective method of programming a VF path in real-time. This
can be used whenever the desired path is not definable preoperatively. For instance, tumor resections are some of the
most critical and precision demanding procedures that might
benefit from the proposed approach. However, this can be
sometimes time consuming and/or not very effective when
large environmental deformations occur during the surgical
2 We note that the VF generation time is negligible with respect to recording
phase, thus we can assume it is an instantaneous process.

8

IEEE ROBOTICS AND AUTOMATION LETTERS. PREPRINT VERSION. ACCEPTED JUNE, 2018

procedure. In this case, vision systems might be adopted to
increase the efficacy of the proposed method [3]. They can
also be useful for the constraint enforcement definition: for
instance, to estimate a complex surface normal direction to
be left free. In any case, aside the methodology used for
VF generation/update, the developed passivity-based control
technique can be equally applied.
VI. C ONCLUSIONS AND F UTURE W ORKS
In this paper, we have introduced and experimentally validated a methodology to generate and adapt VF pose and
geometry in robot-aided minimally invasive surgical tasks.
The methodology relies on a VF generation strategy in which
recorded interaction points are used to create the constraint
geometry. Pose and geometry adaptation strategies have been
developed to allow flexible use of VF assistance. Energy
tanks passivity-based control has been proposed to guarantee
a stable behavior of the system. The devised strategies have
been validated through experiments on the dVRK and have
demonstrated stable and smooth behaviors.
Our aim for the future is to combine the proposed adaptation
strategies with task encoding and/or vision-based tracking
methods for automatic VF switching/update. A human-subject
evaluation involving novice and expert surgeons will be conducted to assess the effectiveness of our method. Ultimately,
we will consider the generalization to other robotic surgical
tasks, such as suturing [35]. We believe that the proposed
methodology may leverage the development of next generation
assistive surgical systems that enable more precise and safer
interventions.
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