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Learning From Demonstration and Interactive
Control of Variable-Impedance to Cut

Soft Tissues
Rui Wu and Aude Billard , Fellow, IEEE

Abstract—In this article, we propose an approach to ex-
tract variable-impedance during cutting tasks from human
demonstrations, so as to ease soft-tissue cutting by robots.
We model the dynamic adjustment of the human arm dur-
ing interactions with the tissue and transfer these adaptive
capabilities to the robot, by learning both the motion and
change of impedance. To improve performance during task
execution, our variable-impedance skill-transfer framework
combines the learned model with an interactive-operation
and feedback controller. To offer the flexibility of modifying
the trajectory at run time, we use a control law based on dy-
namical systems. We couple this control law with virtual dy-
namics that describes the cutting dynamics. This ensures
that the robot can control the interaction force and can plan
the trajectory. The approach is validated in a real robot
cutting-experiment of cutting different hardness tissues.
Results show that our learning-based feedback controller,
with the assistance from interactive-operation models, can
effectively improve the task’s success rate, cutting length,
cutting depth, and other indicators, as compared to using a
fixed and variable-impedance gain controller.

Index Terms—Dynamical systems (DS), learning from
demonstration (LfD), soft tissues, variable-impedance skill
transfer.

I. INTRODUCTION

HUMANS have very powerful and flexible physical manip-
ulation capabilities, especially when operating on objects
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that deform as a result of manipulation. To meet the needs of
these manipulation tasks, humans can control well the subtle
interaction process between their bodies and objects. Today,
increasingly more researchers hope that robots will also be
able to perform complex manipulation tasks with human-like
dexterity. Although robotic manipulation has traditionally been
restricted to rigid objects, such as pin-hole assembly [1], [2],
recent works target the manipulation of deformable objects, such
as when grating vegetables and scooping fruits [3], [4]. Large
efforts are also conducted worldwide to enable surgical tasks to
be performed, at least in part, by robots such as robot-assisted
needle insertion [5], [6] and suturing [7]. Cutting tissues, be
it that of a vegetable or human skin, is the equivalent of the
peg-in-hole problem for rigid objects. As simple as it appears,
this task is not trivial to implement and to control safely and
accurately [8], [9].

State of the art of control of soft-tissues cutting: When
cutting soft tissues, the object’s deformation is substantially
dependent both trajectory and interaction forces. Nonlinear in-
terfacial friction and viscosity also make the cutting process
more complicated [10]. The feedback method is widely used
in dealing with the complex and unknown models, for example,
visual-serving technology is used to update the cutting trajectory
in real time [11] and to monitor the deformation process [12],
[13] and, with a combined force/vision-control strategy [14]
using both force and visual feedback, to adjust the cutting force
and speed of a robot’s operation. Learning-based methods also
use haptic data to classify objects’ physical properties and to
change a robot’s operation during the cutting [15]. In this article,
we target single-layered skin-like soft tissue. During cutting, the
tissue is fixed on a platform and stretched to reduce the cutting
force and interfacial friction [8]. Our attention is focused on the
cutting force generated by the contact between the blade and the
tissue in the cutting direction and on the contact force perpen-
dicular to the cutting direction. We also focus on learning human
manipulation capabilities and collaboration abilities in order to
help the robot meet the requirements of the changes, during
actual operations, in complex objects’ physical characteristics
and, in complex interactive tasks, to improve the human–robot
collaboration performance of robot. With these assumptions, we
target our work to certain specific applications in industry such
as for cutting meat, and robotic surgery-assistance.

Human approach to soft-tissue cutting and to control of
impedance: In cutting operations, such as surgical cutting,
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skilled practitioners first ensure that the cut depth meets the
requirements and that the length of the cut is sufficient. The
cutting process also needs to be as stable as possible to re-
duce unexpected tissue damage [16]. After years of training,
these skilled practitioners automatically control the movements
of their hands, as demonstrated in professional welding [17].
The thought process involved in determining how to adjust
the impedance and posture of the arm in order to cut at the
desired depth, while ensuring stable force interaction, is quasi
unconscious [18]. These skills are known in robotics as a vari-
able impedance control [19], which was offered as a powerful
approach to mitigating the uncertainties of contact [20].

Requirements for robot control of soft-tissue cutting: To en-
able a robot to autonomously and effectively perform a complex
interactive operation, two different issues need to be considered:
First, the robot needs to plan the appropriate/desired trajec-
tory for the task. Second, it must embed a model of how the
impedance changes along the trajectory and as a result of the
interaction forces [21]. For the learning of robot trajectories,
one approach we follow is to learn the trajectory demonstrated
by humans in order to generate an impedance-based dynamical
systems controller [22], [23]. This ensures the generation of a
motion model that can recover, on the fly, from external per-
turbations and can return to the desired trajectory. The shaping
of the impedance enables the robot to determine from which
direction the controller will accept perturbations and from which
direction it will reject them. The impedance-parameter changes
can be learned via human demonstrations [22], [24] or estimated
by the human arm electromyography (EMG) signals [25], [26]
or through reinforcement learning [27].

Our contributions: In this article, we extend these previous
approaches and build a human-skill transfer framework that
can transfer both human–robot collaboration capabilities and
dynamic adjustment capabilities to interactive operations under
a variable impedance control mode. First, robots need to have
the ability to quickly imitate human operations and to adapt
to human–robot interactions and collaborations. To address
this need, we propose a coupled dynamical system (coupled
DS) model for interactive tasks: It implements different motion
modes under a unified DS model in order to adapt, during robot’s
operation, to the interruptions and interferences of the user. To
ensure the integrity of the cut, the DS model we propose can
accurately control the robot to return to where it was when
the user stopped it (see Fig. 1). Second, as a tissue to be cut
can never be completely known, we posit that it is important
to learn the bounds on what reasonable impedance and forces
should be adopted. Most importantly, in response to change in
the interaction forces, we must embed a model of modification
of the velocity and impedance. To compensate and modify the
trajectory, when faced with different tissues’ responses, the hid-
den causal relationship of “position-force,” “force-impedance,”
and “force-velocity” in human interactive operations are learned
as interactive-operation models (IO models) and used in a
velocity-adjustment (VA) and DS-modulation strategies. This
enables us to compensate for position error and to restrain
the force penetration. Third, to adapt to changes in interaction
forces, by using the abovementioned learning model, we propose

Fig. 1. Compliant robot automatically performing a cutting task. A
human pulls the robot away when the robot approaches the tissue,
because they want to pause the action of the robot (top left); then, during
the cutting, they pull the knife away from the tissue to check the status of
the cutting trajectory (top right and bottom left). The robot can perform
a safe and stable interaction with a human and, after the human leaves,
the robot will return to the point of disturbance and continue its work.

a force feedback-based variable-impedance controller (FFBVI
controller).

As the framework that we propose is designed to solve the
force-interaction problem with unknown environments, the pas-
sivity or stability of the system must be guaranteed [28], [29]. A
controller that ensures a passive relation, between external forces
and a robot’s velocity, will yield stable behavior in free motion
and in contact with any passive environment [30]. To ensure the
passivity of the entire system, our method incorporates a special
controller based on a selective dissipation of energy in directions
that are irrelevant to the task [31].

We evaluate our framework in a robot cutting-task, under
different task conditions such as a change in tissue’s hardness.
The results show that our proposed framework can automatically
adapt to a certain degree of task-condition changes and can
ensure the improvement in performance indicators, such as
cutting length, cutting depth, maximum contact-force peak, and
task success-rate.

II. METHOD

A. Rigid Body Dynamics and the Passive DS Controller

We start from the rigid-body dynamics of an N degrees-of-
freedom manipulator in Cartesian space

M(xr)ẍr + C(ẋr, xr)ẋr = Fc + Fe (1)

where M(xr), C(ẋr, xr) ∈ R3×3 are the inertia matrix and
Coriolis/centrifugal matrix, the xr, Fc, Fe ∈ R3 are, respec-
tively, the real Cartesian position of the robot end-point, the
control force, and the external force. Assume that we have at our
disposal a low-level controller for inverse kinematic and gravity
compensation,1 so the gravity forces g(x) ∈ R3 are already
compensated.

The passive DS controller [31] will generate torque for driving
the robot to follow the desired velocity:

F c = D(xr)(ẋd − ẋr) (2)

D(xr) = Q(xr)ΛQ(xr)
T . (3)

1As this is the case for the KUKA robot used in the implementation.
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Fig. 2. Human demonstration is divided into three phases, based on
the movement characteristics. The changing laws of velocity, force, and
impedance are obviously different, thus revealing some characteristics
of the whole operation process.

As the desired motion in our DS is given by ẋd = f(xr)+
fn(xr), the f(xr) is desired DS motion and the fn(xr) is a
learning-based DS-modulation, thee1, . . .eN is an orthonormal
basis with the e1 = f(xr)

‖f(xr)‖ along the direction of desired mo-
tion ande2 is rotated 90◦ around the normal of the cutting-motion
plane relative to e1. e1, . . .eN are the columns of the matrix
Q(xr) and Λ is a diagonal matrix with eigenvalues λ1, . . .λN

that represent the damping of a robot controller.
With the passive DS controller, both the desired velocity and

damping can be specified to make the robot show the desired
performance. Normally, when we learn a skill from human
demonstrations, we focus on the model of the velocity-position
relation of the demonstration trajectory. This kind of model,
similar to stable estimator of dynamical systems (SEDS) and
locally active—globally stable dynamical systems (LAGS-DS),
is proposed in [32] and [33]. These DS models can ensure the
model is globally asymptotically stable and always converges to
the target point; and to reproduce the human motion, it cannot
only properly generate velocity, based on the state of the robot,
but also replan the trajectory very rapidly to adapt the changes
of task conditions [34], [35]. Whereas, for the force-interaction
tasks, to make sure the robot can appropriately interact with the
environment, not only the velocity needs to be adjusted based
on the robot state, but the impedance performance should also
be controlled. Therefore, in the following sections, two kinds
of models are learned from human demonstration and for robot
motion-control and interaction control, we named them “motion
model” and “IO model.”

B. Learning the DS Motion Model From Human

To more accurately extract features of human cutting-skills,
we divide the entire cutting task into the following three phases
(see Fig. 2).

1) Phase 1 is the approach-penetration phase. In this phase,
the knife will approach the surface of the tissue and the
knife will pierce into the tissue.

2) Phase 2 is the cutting phase: The knife will cut the tissue
and ensure the cutting depth and length.

3) Phase 3 is the leaving phase. In this phase, the robot will
finish the cut and pull the knife out of the tissue.

During phase 1, the robot should overcome the uncertainty
linked to the position of the contact surface and should control
the interaction force of the penetration. During phase 2, to cut
through the tissue, the robot should maintain a vertical contact

Fig. 3. Compare among SEDS (up left) LAGS-DS (up right) and cou-
pled DS (below). The coupled DS can return to the disturbance point
and can continue the cutting task, i.e., not only follow a fixed-flow field. It
more realistically imitates the human operation process and can reflect
the operating characteristics of the operator.

force with the tissue; then to finish the cutting action, it must
overcome the interaction force along the cutting direction.

In this article, we propose a unified DS model for realizing the
entire motion process that can ensure the generalization perfor-
mance of the model and the performance against disturbances.

1) Novel Coupled DS Model: Our model is different from
other DS motion models (as shown in Fig. 3): It is composed of
three coupled DS models that (denoted DS1, DS2, and DS3 for
each of the three phases) are learned from demonstration data,
after phase separation. DS1 is used for phase 2 to execute the
cutting motion; and DS2 can be used for phase 1 to approach
and penetrate the tissue or for phase 2 to return to the original
point of disturbance. DS2 has a mobile attractor that is based on
a virtual DS and that moves along the desired cutting trajectory.
DS3 has only one function: to remove the knife from the tissue.

For DS1, a DS model is built along the cutting direction, and
the DS1 will be activated when DS2 arrives at its target; the
position data of the robot will be transferred into the state value
xr; and the output of DS1 ẋ1 ∈ R3 will give the robot velocity
command{

ẋ1 = fDS1(xr) = (A1 · xr + b1) · δ(ξ,xr)
xr

∗ = A1
−1 · b1

(4)

where A1 ∈ R3×3 are the negative-gain diagonal matrices, b1 ∈
R3 can be calculated after reaching the target point xr

∗.
The DS2 will run when the robot is in the phase 1 or when

a disturbance is detected in phase 2. Hence, its model will be
combined with the DS1, and the attractor of DS2 is forced to
keep moving with the state of DS1. This ensures that the knife
will return to the point of separation caused by the disturbance.
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When DS2 is activated, the robot position will transfer into the
state value ξ ∈ R3 and the output will be the robot velocity
command {

ξ̇d = fDS2(ξ) = A2 · ξ + b2(ξ
∗)

ξ∗ = A−1
2 · b2

. (5)

The switch condition based on disturbance is

δ(ξ,xr) =

{
0 and ξ∗ = ξ∗m if

∥∥(ξ − ξ∗m)T · e2

∥∥ ≥ ϕ
1 and ξ∗m = xr if

∥∥(ξ − ξ∗m)T · e2

∥∥ < ϕ
(6)

in the real-time calculation of this formula, for each loop, the
robot position xr at this loop of the DS1 is stored in ξ, and the
robot position at the last loop is recorded and transferred to the
moving target-point ξ∗m in DS2. To find out if there exist any
human disturbances beyond the threshold ϕ, ‖(ξ − ξ∗m)T · e2‖
calculates the distance between these two positions, in e2 di-
rection. When DS2 is activated, the moving target-point ξ∗m
will be used as the target-point ξ∗ in DS2 and ξ∗m will not
be refreshed. The A2 ∈ R3×3 are the negative-gain diagonal
matrices that drive the ξ back to the target-point ξ∗ that is also the
point of disturbance ξ∗m; the b2 ∈ R3 are calculated by the target
point ξ∗.

For phase 3, the motion direction is to point away from the
tissue, hence, DS3 can remove the knife from the tissue when the
cutting is finished. And the DS3 ξ̇d1 = fDS3(ξ1) = A3 · ξ1 +
b3(ξ

∗
1) (similar with DS2) will be triggered only when DS1

has arrived at its target point. Due to the coupling nature of the
DS model proposed here, fDS1, fDS2, and fDS3 are collectively
referred to as fcoupleDS.

Note that the coupled DS has three DSs and three state values:
xr, ξ, ξ1 ∈ R3. The real robot position-state will transfer into
different state values and run different DSs, according to the
disturbance and actual situation.

2) Learning the DS Models: To model and generate nonlin-
ear motion, as required for the task and demonstrated by the
human, DS1, DS2, and DS3 are trained as SEDS models; the
A1,A2,A3 ∈ R3×3 and b1, b2, b3 ∈ R3 are calculated by an
SEDS algorithm and target point xr

∗, ξ∗, ξ1
∗. For the motion

of approach in phase 1, the ξ∗ is the predefined cutting starting
point; and for returning the knife to the point of disturbance, the
ξ∗ is the disturbance point that is given by ξ∗m.

The combined three-layer coupled DS model proposed earlier
builds upon and extends previous DS models proposed by our
laboratory (SEDS [32] and LAGS-DS [33]). The differences
are compared through numerical simulation in MATLAB and
illustrated in Fig. 3. As we can see in Fig. 3, we reuse SEDS’
guarantees that the trajectory converges to the last point on
the cutting trajectory (attractor). But, whereas SEDS does not
guarantee the return to the cutting trajectory, our model does
[compare Fig. 3(a) left and (b)]. This might seem similar to
the LAGS-DS approach that guarantees that the system will
return to the closest point on the cutting trajectory. However,
in LAGS-DS, this closest point could be further away from the
point where the robot was stopped, hence, LAGS-DS cannot
ensure that the tissue is properly cut along its entire length,
whereas the coupled DS model guarantee that the system returns
to the last cutting point [compare Fig. 3(a) right and (b)].

Fig. 4. (a) Force-impedance model can change the impedance of
the robot when interaction force changes. When the interaction force
increases (horizontally cut part), the higher impedance (bigger greed
ellipse) can help the knife overcome resistance and (b) force-velocity
model can control the velocity (red arrow) of SEDS, based on the
interaction status during phase 1, for instance, when the robot feels a
contact force (black arrow), the velocity will decrease.

C. Learning IO Model and VA Strategy

We now explain how to extract and to use the information on
force and impedance, in the demonstration for learning the IO
models. The models will be used into two interaction-operation
strategies and a feedback-control law based on human cognition
for the robot execution.

1) Position-Force Model and Force-Impedance Model: Af-
ter analysis of the demonstration data (as shown in Section III-
A), we can see that the interaction force is active only when
the knife has a physical interaction with the tissue. Therefore,
the mapping between position and force is learned and used for
generating the desired force, based on the robot’s position; a
Gaussian mixture regression (GMR) [36] is used in this model.
To make sure the knife continues to cut, a human would adjust
their arm impedance, based on interaction force during cutting.
To learn this ability from humans, we train a force-impedance
model for robot variable-impedance adjustment; due to the non-
linear and unevenly distributed data of force-impedance relation,
a Gaussian process regression (GPR) [37] model is used.

In the position-force GMR model, the input is the robot’s
position xr ∈ R3, and output is the desired force Fd ∈ R3.
The input and output of the force-damping GPR model is the
interaction force Fr and the desired impedance gains dd ∈ R3,
respectively. The dd = [dx; dy; dz] represents the length of the
three semiaxes (X,Y, Z direction in Cartesian space) of the
stiffness ellipsoid in human-arm impedance that is estimated
by human-arm posture and EMG signals [38]. Fig. 4(a) shows
the schematic of the force-impedance model.

Therefore, the models’ output will be

Fd = fgmrF (xr) (7)

Dd = diag(fgprD(Fr)) (8)

where we obtain Fd ∈ R3×1 and Dd ∈ R3×3, and the Dd is a
diagonal matrix, and its diagonal elements are the three damping
parameters generated by the GPR model.

2) Force-Velocity Model and Learning-Based VA Strategy:
The target of the approaching motion is the initial contact
position for the cutting task. In our case, we consider that the
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Fig. 5. VA strategy for the contact detection can change the DS model
and velocity in phase 1, based on different contact situations.

actual contact position in the vertical direction will change due
to the inaccuracy of the robot motion and to the changes in the
tissue’s thickness.

When humans face a target change caused by a different
thickness of tissue or inaccurate position information, they will
change the stopping point of the approach phase, based on their
judgement that comes mostly from force feedback. Whereas, for
the robot running a DS model, it will follow only the target point
we set. It necessary to use feedback force to detect the contact
situation, as humans do and, based on the situation, to change the
DS2 motion generator. Therefore, from human demonstrations,
we learn the force-velocity model and propose a learning-based
VA strategy in phase 1 to make sure the knife will approach and
penetrate a tissue and to correct the error of the tissue’s position
or thickness.

Using the demonstration data in phase 1, we can learn the
force-velocity model, based on the force-velocity relation in
demonstrations with GMM-GMR algorithm, as follows. The
model is shown in Fig. 4(b)

vd = fgmrV (Fr) (9)

where the vd is the magnitude of velocity.
Based on the force-velocity modelfgmrV (Fr) that we learned,

the VA strategy is designed for changing the velocity magnitude
of the DS2 model and provides a compensation velocity when
the robot does not detect the contact in the target point xr

∗

fF 2V (xr) =

{
fDS2(xr) · vd if γ < 0
n(xr) · vd if γ > 0

(10)

γ = n(xr)(xr − xr
∗ + ε · n(xr)) (11)

where the normal vector n(xr) is vertical with and points to the
tissue surface that is already known from demonstration data. γ
is the switch condition and ε is a small value for making sure
the speed model changes a little before arriving at the target.
When the robot does not contact the tissue, the interaction force
closes to zero, which reaches a high velocity, based on the force-
velocity model fgmrV . When the interaction force increases, the
velocity magnitude decreases and the impedance gain increases
based on the feedback force to make sure the robot has stable
contact as shown in Fig. 5.

At the same time that the contact position is changed based
on the contact force, the input position for DS1 should also
be changed to make sure the motion for phase2 is corrected.
The error between the contact point and phase 1 target-point is

Fig. 6. There are two kinds of velocity that can be extracted from the
demonstrations, real velocity and implied velocity; the latter generates a
vertical interaction force.

etarget = xcontact − xr
∗. Hence, the input robot state in Fd(xr)

and fDS1(xr) will be xr = xr − etarget. The IO model-based
VA strategy modifies the coupled DS in the “motion model,”
and we use fi(xr, Fr) to refer to it.

D. Learning-Based DS-Modulation Strategy and FFBVI
Controller

1) DS-Modulation Strategy: When the robot cuts tissue, we
not only want the robot to continue cutting the tissue, along the
direction parallel to the tissue plane, but we also want the knife
to maintain contact with the tissue and to make sure the knife
can cut completely through the tissue.

Due to the hindrance of physical space, the movement infor-
mation of the human arm is transformed from explicit informa-
tion into implicit information. For example, the speed intention
of arm movement is transformed into interactive force, due to
physical interaction that does not show in kinematic levels, as
shown in Fig. 6. This information cannot be learned by the
motion model. But our setup can record the interaction force
and estimate the impedance of a human arm, hence, the implicit
speed information can be calculated by our demonstration data.

Using the method in [39], in order to generate a suitable
vertical-interaction force, we add a DS-modulation on the DS
model of out tasks. And this modulation part generates a com-
pensation velocity that is perpendicular to the cutting plane.
Hence, the motion DS is

ẋd = ẋd1 + ẋn = fi(xr, Fr)+ fn(xr). (12)

The first term is the DS motion with an IO model that can
generate the desired velocity for a cutting motion. The second
term is the compensation velocity that is normal for maintaining
contact with the surface to be cut. Assume that the normal
vector n(xr) is vertical with and points to the tissue surface, so
ẋd1

Tn(xr) = 0.
In [39], the authors generate a compensation velocity based

on the desired force and the fixed damping gain. In our work, to
make this method more in line with human operating habits, the
compensation velocity is generated from the desired force and
arm impedance from human demonstrations

ẋn = −D(Fd)
−1(Fd(xr)

T · e2). (13)

2) FFBVI Controller: In order to make the controller robust
to a certain degree of interaction-force variation, the FFBVI
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controller is used to adjust the controller damping eigenvalue (in
our case,Λ = diag[λ1; λ2; λ3]) and to generate more appropriate
control torque

λ1 = a · ‖Dd(Fr)e1‖
λ2 = λ3 = a · ‖Dd(Fd)e2‖ (14)

where a is a scale factor for the robot controller, which might not
approach a gain as high as a human can, and for eliminating the
difference in cutting materials to obtain better control effect. The
Dd(·) and Fd are the learned GPR and GMR models proposed
in Section II-C1.

The λ1 adapts the controller damping gain, based on the
feedback cutting-force in the cutting direction; it can give not
only the damping gain a good initial value with the feedback
cut force but can also increase the control gain when the output
cutting force is insufficient to cut the tissue, and vice versa.
The λ2 adapts the vertical force, according to the desired force
generated from the position-force GPR model. And λ3 forces
the system to selectively dissipate the energy, perpendicular to
the direction of the desired movement.

The λ1 ensures that the robot output-force ine1 direction (Fc1)
is changed based on the interaction force, which can help the
robot overcome the cutting force and ensure the cutting length.
However, in other directions (e2, e3), λ2 and λ3 ensure that the
robot maintains the contact force with the human demonstration
(Fc2 = Fd and Fc3 near to zero) to ensure the cutting depth
and energy dissipation. To make this point more clear, we put
the (14) into (2) and show the control output in phase 2 as
follows:

Fc1 = a · ‖Dd(Fr)e1‖ · (ẋd1 − ẋr)

Fc2 = a · ‖Dd(Fd)e2‖ẋn = −a · F T
d e2 (15)

where we need two feedback signals: robot real velocity ẋr and
interaction force Fr that can be recorded by the robot operation
system and force/torque sensor. For safety reasons, we limit the
controller’s velocity and damping gain. The upper limit of speed
is set to 0.2 m/s, and the upper limit of the damping parameter
is set to 160. With these two limitations, the interaction force
generated by the robot will not exceed 30 N.

E. Stability Analysis

Passivity can be ensured if the f(x) can be represented by
the sum of a conservative system fc(x) with an associated
potential functionVf (x) (which meansfc(x) = −∇Vf(x)), a
nonconservative system fr(x), and a compensation DS system
fn(x) [39]

ẋd = f(x) = fc(x)+ fr(x)+ fn(x). (16)

For the storage function W (xr, ẋr) =
1
2 ẋ

T
r M(xr)ẋr +

λ1(t)Vf(x), by using the control law in (2) and virtual energy
storage, we can ensure that the whole system is passive with
fixed damping gain.

However, since our controller also changes the damping gain,
based on the interaction force, the energy tank, proposed in [39],
cannot be applied directly (as it assumed a fixed gain).

Taking into account the change of the damping over time, the
time derivative of W (xr, ẋr) is

Ẇ (xr, ẋr) =
1
2
ẋT
r Ṁ(xr)ẋr + ẋT

r M(xr)ẍr

+ λ1∇Vf(xr)
T ẋr + λ̇1Vf(x). (17)

The last term of the right-hand side cannot be eliminated by the
conservative system fc(x) in (16).

Therefore, to control the energy-injection caused by varying
the damping term, we separate the varying-damping gain into a
constant term and a time-variable term, as λ1 = λ1C + λ1V (t).
The constant term λ1C can remain passive by using the same
energy tank: ṡ = α(s)zd − βr(s, zr)λ1Czr − βn(s, zn)λ1Czn,
as in [39], and zd = ẋT

r D(xr)ẋr , zr = ẋT
r fr(xr), zn =

ẋT
r fn(xr). For the time-varying term λ1V (t), we add an ad-

ditional energy tank coupled with the energy tank in [39]. We
modify this energy-tank state s ∈ R as follows:

ṡ = α(s)zd − βr(s, zr)λ1Czr − βn(s, zn)λ1Czn − xtẋt

(18)
where the term xt(t) ∈ R is the state associated with the tank
(ẋt = ωT ẋr), and α(s), βr, βn,ω are the functions that control
the energy flow between the energy tank and the robot.

To control the energy generated by the DS model, we modify
the final DS model as follows:

fβ(x) = fc(x)+ βr
′(s, zr)fr(x)+ βn

′(s, zn)fn(x) (19)

We set the scalar functions α(s), βr, βn, βr,
′ βn

′ same
with [39] as shown in (27)–(29) and set the ω as

ω(t) =

{
λ1V (t)fβ(xr)

xt
if sm > s > sm − θs

0 otherwise
(20)

where sm − θs is a threshold below which the energy cannot be
extracted by the tank; sm is the maximum energy level allowed
us to be stored in the tank. And to avoid singularities, we set
xt(0) > 0 and xt(t) be a very small positive value if it equal to
zero.

To take the state of the tank and the power variables into
account, we corrected the control law in (2) and using the
corrected motion generator in (19) as follows:

Fc = −D(xr)ẋr + λ1Cfβ(xr)+ ωxt. (21)

With all abovementioned setting, we can ensure that the
whole system is passive. Now we will describe the proof of
the controller’s passivity based on our improved method.

Proof: We consider the storage function W (xr, ẋr) =
1
2 ẋ

T
r M(xr)ẋr + λ1CVf(x)+ s, in which λ1 = λ1C +

λ1V (t). So the time derivative of W (xr, ẋr) is

Ẇ (xr, ẋr) = ẋT
r M(xr)ẍr +

1
2
ẋT
r Ṁ(xr)ẋr

+ λ1C∇Vf(xr)
T ẋr + ṡ. (22)
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Substituting (1) for M(xr)ẍr and (21) for Fc yields

Ẇ (xr, ẋr) = ẋT
r (−C(ẋr, xr)ẋr−D(xr)ẋr

+ λ1Cfβ(xr)+ ωxt + Fe)

+
1
2
ẋT
r Ṁ(xr)ẋr + λ1C∇Vf(xr)

T ẋr + ṡ.

(23)

Using the fact that Ṁ − 2C is skew symmetric and that
fc(x) = −∇Vf(x) (by construction) and (19), then we rear-
range the formula:

Ẇ (xr, ẋr) = βr
′(s, zr)ẋT

r λ1C ḟr + βn
′(s, zn)ẋT

r λ1C ḟn

+ ẋT
r ωxt − ẋT

r D(xr)ẋr + ẋT
r Fe + ṡ.

(24)

The fourth and fifth terms in (24) show that the system is
passive with respect to the input/output pair of Fe, ẋr. To
stabilize the system, we add three terms for the energy tank
to control the undefined first three terms of (24). Inserting the
terms of (18) into (24) we get

Ẇ (xr, ẋr) = βr
′(s, zr)ẋT

r λ1C ḟr + βn
′(s, zn)ẋT

r λ1C ḟn

+ ẋT
r ωxt − ẋT

r D(xr)ẋr + ẋT
r Fe

− βr(s, zr)λ1Czr − βn(s, zn)λ1Czn

− xtẋt + α(s)zd. (25)

Substituting that ẋt = ωT ẋr yields

Ẇ (xr, ẋr)= − (1 − α(s))zd−(βr(s, zr)− βr
′(s, zr))λ1Czr

+ ẋT
r Fe − (βn(s, zn)− βn

′(s, zn))λ1Czn.
(26)

Using the same set of α(s), βr, βn, βr,
′ βn

′ as shown in [39]

α(s) =

⎧⎨
⎩

1 s < sm − θs
1
2 (1 + cos(π s−(sm−θs)

sm−(sm−θs)
)) sm − θs � s � sm

0 s > sm
(27)

βi(s, zi) =

⎧⎨
⎩

0 if s < 0 and zi > 0
0 if s > sm and zi < 0
1 otherwise

i = r, n (28)

βi
′(s, zi) =

{
1 if zi < 0
βi(s, zi) otherwise

i = r, n (29)

we ensure the following:
1) The first, second, and last terms of (26) are under the

control of energy tank and will remain negative or zero at
all times, hence ensuring that the system is passive with
respect to the input–output pair ẋT

r Fe.
2) The energy injected in the tank equals the energy injected

by the mechanical impedance.
3) If the energy tank is depleted, the βi

′(s, zi) terms can
be used to modify the control input and bound the en-
ergy injected by our dynamical system fi (i = r, n); and
the energy generated by variable damping gain is under

Fig. 7. Data recording setup. Position of knife and hand are tracked
via Optitrack markers. Forces are measured at the tip of the tool held in
hand, with nano ATI sensor. EMG data is recorded to monitor changes
in arm impedance.

control of ω, the desired variable-damping gain will be
implemented or not implemented based on the state of
energy tank.

Hence, based on the set of the energy tank, the system is
passive.

III. EXPERIMENTS AND RESULTS

To validate the method, we showcase that we can extract
the variables from human demonstration and then use these
for control. Furthermore, we show that our control method can
generalize cutting to different tissues.

A. Record and Analysis of Human Cutting-Data

To record data from human demonstration, the same subject
(here, the experimenter) was tasked to make a linear incision
9 times on the same type of off-the-shelf plastic. To prevent
damage to the force sensor, we chose this material specifically
to ensure that the maximum cutting force in the actual cutting
process is lower than the safety threshold of the force sensor.
And to train a more generalized model, we also need to ensure
that the tissue can provide a sufficiently large range of cutting
force to cover the force needed by the robot-cut tissue. Note that
though we train on plastic, we test the system on silicon, see
the following section. The choice of using different material for
training and testing is meant to demonstrate that we learn a skill
to cut soft material but not specifically for one type of material.

Each cut starts from the same location and has a similar length
(about 20 cm). An ATI Nano17 sensor mounted on the tool is
used for recording the interaction force between hand and knife,
at 100 Hz (see Fig. 7). An OptiTrack motion-capture system
(100 Hz) with markers attached to the tool, to the human hand
and to the elbow, is used for recording the position data. The
EMG data of flexor carpiulnaris on human forearm is recorded
by TI ADS1298 bio-signal amplifiers (1000 Hz). To obtain the
estimation of human-arm impedance, we apply a similar method,
as described in [38]. The arm position and EMG signal, we
collected are processed as the input of a conversion function;
and the output of this function is the arm end-point impedance.
The parameters of this function is calculated by the least squares
method by using the data and results of a human-arm impedance
identification experiment. The Butterworth low-pass filter was
used to filter the position and force data with cut-off frequency
of 18 Hz, 12 Hz.

Authorized licensed use limited to: EPFL LAUSANNE. Downloaded on November 23,2021 at 15:49:42 UTC from IEEE Xplore.  Restrictions apply. 



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

8 IEEE/ASME TRANSACTIONS ON MECHATRONICS

Fig. 8. Human demonstration data. The curve is the demonstration
data that was divided into three phases; and the red dotted line is the
dividing line of the different phases.

Fig. 9. Learned modulation of the velocity. We chose a random
demonstration trial of data (only phase 1) as the input (force) and ground
truth (velocity) of the model regression. Left figure: the force recorded in
the demonstration increased when the knife contacted with the tissue
(around 350 time steps). Right figure: The regression result velocity of
the force-velocity model followed the change of input force and did so
similarly with the ground truth velocity.

The human demonstration data are illustrated in Fig. 8. We
divide the cutting task into three phases and align data for all
three phases (9 trials and a total of 7904 data points: 3338, 2251,
and 1505 data points for phase 1, 2, and 3). Then, three phases
of demonstration data were separated into training sets (60%)
and test sets (40%) for the position-force model and the force-
impedance model. The phase 1 data was used to train the force-
velocity model, with the same proportion of the training-test
set. The position and velocity data in each phase were used
for learning the corresponding DSs in coupled DS model. In
our work, 10-fold cross-validation and Bayesian information
criterion are performed to find the best number of Gaussians for
the GMM-GMR model (4 for position-force model and 3 for
force-velocity model); the DS model is learned by the SEDS
algorithm [32]; and the force-impedance model is learning by
the GPR algorithm [40]. The learning and test results of these
models are partly shown in Fig. 9 (force-velocity model) and 10
(force-impedance model).

B. Performance of the Robot Cutting-Task

Once the model was successfully trained offline, we con-
ducted two groups of cutting experiments by using our 7-DOF
KUKA light-weight robot arm. The setup of this experiment is
shown in Fig. 11. The robot is controlled through a fast research
interface (FRI) that can provide the communication between the
controlling computer and the control box. Through the FRI, we
receive the robot-state feedback and send the control commands.

Fig. 10. Upper figure: The GPR model (regression and variance)
learned to embed a model of the variance of impedance as a function
of the interaction force. Lower figure: Using a random trial of data as
input (force) and ground truth (impedance) to test the GPR model, the
impedance increased around 400 time steps with the force increased,
then it decreased at 900 time steps as the force disappeared.

Fig. 11. Robot cutting-task. A knife tool is fixed on an ATI F/T sensor
and installed at the end of robot. The silicone tissue is attached to a
platform to ensure that it is stretched to reduce cutting resistance [14].
During the robot action, our algorithm used models previously learned
in order to calculate all the control output, such as the impedance and
velocity.

An ATI F/T sensor (Gamma) is used to collect the feedback
interaction force. The purpose of the experiment was three-fold:

1) To demonstrate the performance of the closed-loop ap-
proach, as compared to using impedance-based control
with fixed and variable impedance.

2) To assess the ability of the learned controller to generalize
and adapt to different tissues and to different starting
conditions.

3) To verify the response of coupled DS to different kinds
of disturbances.

We used artificial tissues made of silicon [41] that bears a
close resemblance, in its elastic texture, to the human skin of the
human body.2

Robustness to tissue’s change in hardness. In the first group
of experiments, we contrasted our approach (FFBVI controller)
with a fixed impedance and a position-based variable-impedance
controller. To assess the role played by each part of our control
system on performance, the VA strategy and DS-modulation
strategy, respectively, are at times used or omitted.

A total of five experiments were carried out; these perfor-
mance are presented in Table I. For each experimental condition,

2We ensured that the shape and thickness of the tissue were the same by
pouring the silica gel solution into the mold; and we ensured that the hardness
of the silicon tissue was different, by purchasing the solutions with different
hardness parameters.
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TABLE I
COMPARISON OF PERFORMANCE OF ROBOT CUTTING-EXPERIMENT WITH

DIFFERENT STRATEGIES

Exp 1: fixed impedance controller; Exp 2: position based impedance controller; Exp
3: FFBVI controller; Exp 4: Exp 3 add DS-modulation strategy; Exp 5: Exp 4 add
VA strategy for phase 1.

six trials were conducted (each trial performs on one tissue). To
assess performances against the tissue’s hardness, two kinds of
tissues were used in Experiments 3 and 5. Three tissues were a
hardness of 30 and others were a hardness of 50. We recorded the
interaction force, knife position, and the impedance controller
gains.

To evaluate our method, we compared the results in terms of
success rate, depth of cut, length of cut, and the maximum force
during penetration. By measuring and calculating the percentage
of the cut marks that correspond to the tissue thickness, we
calculated the depth of the cut for each trial. And the length of the
cut was calculated by comparing the actual length that was cut
to the expected length in the DS1 model. If both the length and
depth of the cut were 100%, we called it a successful cutting trial.
If the knife was stuck and the length cut is insufficient (lower
than 100%) or the knife did not cut through the tissue (depth
of cut was lower than 100%), we defined it as a failed trial. In
this situation, we use the shallowest cut as the cutting depth,
and the length of the part that was cut completely through as the
cutting length. The maximum interaction force in the direction
perpendicular to the contact surface in the approach phase is
recorded as the maximum force during penetration.

As shown in Table I, the success rates were low in Exp. 1–3,
when using the nonadaptive controllers. The robot was stopped
most frequently by high interaction force that came from the
cutting process (average cutting length was not 100%) or it could
not cut through the tissue, due to the upward interaction force
(average depth of the cuts was not 100%). In these situations,
the highest interaction force peak was observed when the knife
entered the tissue, which not only made it difficult for the robot
to overcome the cutting force, but also might cause unexpected
tissue damage. In contrast, when using our adaptive method (Exp
4 and 5), the success rate of the task increased substantially, and
the cutting depth and average cutting length could reach 100%.

These results confirm that the force-based controller
has interactive-adjustment capabilities better than the fixed
impedance or position-based variable impedance controllers. It
could ensure that the robot was not blocked by an unexpected
interaction force. The DS-modulation strategy contributed to
ensuring that the cutting was completed in its entirety hence
that the depth and length of the cut were close to the expected

TABLE II
PERFORMANCE FOR DIFFERENT TISSUE’S HARDNESS

percentage. Credit goes to the VA strategy, as the peak of the
interaction force in phase 1 also decreased and became control-
lable, which means the execution of the cut is safer and better.

Table II compares performance depending on the tissues’
hardness. To quantify the interaction, we measure the average
contact force and report also the standard deviation (STD);
we compute the interaction force perpendicular to the cutting
direction in the cutting phase. The experiments recorded in
Table II are also the Exp 3. and Exp 5. in Table I. We can see with
our VA and DS-modulation strategies that the cutting operation
had a high success rate. And for the two kinds of tissues, the
length and depth of the cut remain at 100%, the max-contact
peak force is relatively small and limited to a smaller range of
changes, the average contact force is kept within a certain range,
and the deviation of the force is relatively small.

Robustness to changes in the tissue’s configuration. In a
second group of experiments, we qualitatively analyzed the
robustness of our proposed model and the controller (same setup
as Exp 5. in Table I) for different experimental configurations.
We focused on establishing the controllers’ ability (or inability)
to adapt to changes in the experimental conditions. To generate
unexpected changes while cutting, a human subject would in-
terrupt the robot during the motion. To guarantee that the task
was safe for the subject, we replaced the knife with a smooth
cylinder.

1) Disturbances Prior to Execution: To compare the IO
model’s and the VA strategy’s abilities to respond to
position error in the vertical direction (typically when
the contact between the knife and the tissue occurs at
an unexpected height), we conducted 18 trials where we
modified the position of the tissue in the Z direction: 6
trials were run with a tissue located 25 mm higher than
the desired contact position. Six trials were run with the
tissue in the desired contact position. The last 6 trials were
run with a tissue 25 mm lower than desired position. The
results are shown in Table III.
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TABLE III
RESULTS OF CUTTING UNDER DIFFERENT CONTACT POSITIONS AND WITH/WITHOUT THE VA STRATEGY ASSISTANCE

Fig. 12. From left to right, these 4 figures show 1) robot approaches (red arrow line) the beginning cutting point (Green triangle) follows the DS1
(blue dotted line), when it get disturb, DS1 will replan the trajectory (blue line), 2) robot returns to disturbance point under control of DS2 and begins
cutting under control of DS1, while the attractor of DS2 will follow the motion of robot, 3) robot is disturbed during cutting, so DS2 is actived again
and replan the trajectory to go back to the disturbance point, and 4) robot returns to disturbance point and continues cutting.

2) Disturbances during execution: To test the ability of
our proposed coupled DS model and the controller to
handle disturbances generated by a human during task
execution, we generated disturbances during different
phases of motion. We observed how the robot responded
to the disturbances. All these experiments are shown in the
accompanying Video.3 Snapshots are visible in Fig. 12.

Table III shows results with and without the VA strategy
assistance, when adapting to errors in the expected vertical
positions of the tissue. Observe that, without the assistance of
our proposed adaptive controller, the task failed many times.
The peak force at contact changed significantly (from 1.45 to
21.4 N) under different experiment configurations. This is due
to the fact that the speed generated by the SEDS model is not
related to the contact situation, rather it is related to the desired
contact position (as shown in Fig. 5). When the contact occurs
earlier than the expected position, it will cause a high contact
force under high SEDS velocity. For the situation where the real
contact point is lower than desired, the motion of SEDS will stop
and be unable to make contact. Furthermore, the inaccuracy of
the compliant control system also make it hard to find an ideal
contract point. Consequently, for different trials, the force data
will change substantially. This phenomenon is also reflected in
Table II, the maximum contact peak force changes significantly
under different trials, and the STD of an average contact force
is larger than when using strategy assistance.

With the assistance of the adaptive strategy, all the tasks were
successful. The change of the maximum force during penetration
was also controlled within a certain range (4.04 to 9.22 N), which
means that in the interaction of uncertain contact positions,
our strategy reduces the change of the maximum contact force.
Using the data in Table III to calculate the STD (not considering
failed tasks) of the maximum force during penetration, our
adaptive strategy can reduce this value from±8.73 N to±2.4 N.
Similar results can be seen in Table II.

3[Online]. Available: https://youtu.be/KAOxU7RhLjg

Our subsequent experiment tested the response of our algo-
rithm to disturbances that occurred “live.” When the robot was
disturbed during phase 1, the robot was being run under the
control of DS2, hence, the robot changed its motion trajectory
by basing its calculation on the SEDS model, thus driving
the robot’s approach to the target point. In phase 2, DS1 was
activated and it controlled the cutting. When the robot was
disturbed, the DS2 became active again and pulled the robot back
to the beginning point of the disturbance. The whole process is
shown in Fig. 12.

The real-time changes of impedance and force, during the
robot’s operation, can also reflect the adaptability of the algo-
rithm in dealing with uncertain factors. In another experiment,
except for interrupting the robot cutting, we also artificially
increased the cutting force (used a hand to obstruct the cut-
ting motion), and we observed the controller’s response to the
change of the interactive force. To ensure that the cutting can
be completed, the FFBVI controller changes the control gain
during cutting. The energy tank also guarantees the passivity of
the system by storing and releasing energy during the interaction.
As shown in Fig. 13, to help the robot to overcome the cutting
force and to keep passivity during interaction, the eigenvalue 1
and 2 (λ1, λ2) of the damping D matrix change based on the
interaction force, the state of energy tank, and the direction of
motion.

IV. SUMMARY AND DISCUSSION

Our framework for learning variable-impedance cutting skills
from humans was tested on a robot automatic-cutting experi-
ment. To validate the importance of closing the loop in force
and of adapting the impedance from force-feedback, we con-
trasted our approach to a fixed impedance and a position-based
variable-impedance controller. We shown that with our approach
the robot can execute the cutting with a high success rate and
can adapt to different task conditions. Also, when the robot is
disturbed during different motion states, it can automatically
return to the breaking point with different reactions.
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Fig. 13. Modulation of damping gain (up) based on force feedback
(middle) and state of energy tank (below) during a real-robot automatic
cutting. The red dashed line is used to separate the different operating
phases. During the “insertion and cut” phase, the damping eigen-value
showed an increase based on the Z-direction insertion force. And during
the “artificially increased hindrance force” phase, the eig1 showed a
significant increase based on the X-direction cutting force. To perform
these nonpassive actions, the system extracted energy from the energy
tank, during the penetration phase and the initial stage of cutting.

The VA strategy can automatically process the motion error
caused by the inaccuracy of the robot’s motion and due to
unknown tissue thickness, and it can adjust the learning model so
that the robot can smoothly switch from insertion to cutting and
can ensure the success of insertion. The uncertain contact force
during insertion, which could cause unexpected tissue damage,
is now controllable.

We extend the DS-modulation strategy [39] to modulate the
impedance. Specifically, we combined this strategy with our
learning-based IO model to achieve a desired interaction force
for the whole task. This strategy can maintain the knife in a con-
trollable interaction force in a nonprimary movement direction,
while the IO model can control the force in cutting direction.
From the point of view of human-arm operation mechanism, the
strategy is clearly observed and verified in the demonstration
data we recorded. Hence, we learned a more anthropomorphic
interaction strategy from humans. We show that we learned
both the interaction force and impedance gain, directly from the
human demonstrations, and that we applied them to the robot’s
task, and that this shows a good performance.

Stability comes from two levels, the first level is that we have
a stable DS motion generator [32], the SEDS can generate a
trajectory in real time; it converges to the target in the absence
of disturbance. Whereas, at the second level, with disturbances
and interactions, we have an energy-tank method to ensure
the passivity of the whole system. The stability we provide is
different for [28] ensuring the controller convergence to track-
ing trajectory. This is caused by the characteristics (real-time
motion generator) and the needs (human–robot interaction) of
our method.

When we compare our work with the work in [29], we do not
have a safety mechanism to prevent the robot from exceeding
a certain workspace, which might cause danger for the human
and the environment around the robot. Although the coupled
DS model can ensure the trajectory of robot can converges to

the target point and return to the break-point after disturbance,
the workspace for these two DS models still needs a safety
limitation.

V. LIMITATION AND FUTURE WORK

We summarize the limitations of the current work as follows:
1) The method was only tested to cut linear trajectories.
2) Some of the controller gains still need to be adjusted to

fit the differences in impedance parameters between the
human arm and the robot.

3) The generalization ability for objects of different physical
properties needs to be improved.

4) To prevent the robot from exceeding a certain workspace,
a safety mechanism is needed.

These limitations, however, can be addressed in our future
work by learning from the different physical properties of
tissue-cutting demonstrations and different nonlinear cutting-
trajectory demonstrations. To teach the robots how to adjust
their impedance parameters for new kinds of tissues, based on
their sensor system and human demonstrations, would be an
interesting research direction.
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