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Abstract—Motivated by human compliant behaviors during
interacting with unknown environments and how motions and
impedance to are adapted skilfully complete a task, this paper
develops a motion planning scheme that is capable of generating a
compliant trajectory online such that tracking desired contacting
forces under a predefined motion task. First, an improved dynam-
ical system (DS) is designed to generate an adaptive compliant
scanning trajectory online from the original DS in terms of
the contact forces and the desired scanning forces. Inspired by
passivity analysis for the robot control system, a robust term
is formulated to guarantee stability by considering the balance
between environmental and robotic energy. Furthermore, we
develop a state-constrained controller based on barrier Lyapunov
function (BLF) to track the compliant DS motion and to ensure
safety during scanning for the patient. Finally, comparative
simulations are conducted to validate the general compliant
capability of the proposed framework. We also instantiate our
methodology through a use case of liver ultrasound scanning to
demonstrate the stable and dynamic force tracking performance.

I. INTRODUCTION

With increasing implementations of robot occurred in vari-
ous fields, the problems of control and motion planning have
been rigorously studied over the past decades. As shown in
Fig. 1, a form of compliant performance is indispensable
for a myriad of robotic applications to ensure passivity and
safety during interacting with environment [1], [2], [3]. Il-
lustrating ultrasound robot as an example, a skilful scanning
action generally requires an compliant pressing between pa-
tient’s body surface and hand-held probe with appropriate
contacting force [4], [5], [6]. Although humans are good at
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Fig. 1. Applications of robot-environment compliant interaction.

adapting in dynamic environment(with potential uncertainties
and disturbance), robots dominate in efficiency, stable and
precision force/position control during performing repetitive
actions which contributes to further standardize ultrasound
scanning. Thus, ultrasound-guide puncture robot has received
widespread attention, which is able to release the scanning
burden from physician and focus their more attention on
disease judgement [7], [8], [9].

Recently, admittance/impedance control [10], virtual-spring
haptic feedback control [11], force/position switching con-
trol [12] have been extensively adopted in ultrasound scanning
robot system. In technical note, a desired compliant perfor-
mance based on such methods requires perfect knowledge
about muscle surface and robotic model which are notoriously
difficult to obtain. In this regard, numerous challenges between
body modelling, motion planning and compliant control must
be addressed.

For the purpose of accomplishing tasks by robot, it is
essential to seek a flexible scheme that is able to efficiently and
quickly transfer new skills to robot [13], [14], [15]. Robotic
motion planning with stable DS has become the forefront of
present study to deal with task trajectory encoding problem-
s [16], [17]. Notwithstanding past researches have demon-
strated excellent motion planning ability of DS, compliant
performance and robustness are also required to resist the force
perturbation from interaction. Optimal feedback control [18]
has been used to reconstruct a force adaptation DS under force
field with minimizing the value of cost function. By linearizing
the dynamics model of robot, a global optimal solution can be
obtained in linear-quadratic-Gaussian (LQR) method. In [19],
a motor learning model is developed to preserve the dynamical
and kinematical features reaching motion under an unknown
force field. Recently, an adaptive parameterized DS framework
has been proposed to accommodate the influenced by human-



robot interaction by means of impedance controller [20]. In the
following, they designed a novel DS framework to generate an
adaptive motion and contact forces [21], addressing the chal-
lenges of robustness of real-world uncertainties and providing
new insights into compliant robot-environmental interaction.

While the above researches mainly concentrate on the adap-
tation and compliance of DS, stability and safety for robot-
environment interaction is equally critical for real robotic
system. In this regard, classical robotic control literatures
have extensively discussed the problems about state constraints
in case of physical stoppages or upper limit of running
speed [22], [23], [24]. Recently, a novel motion constraints
learning framework is proposed in terms of zeroing barrier
functions (ZBFs) from human demonstrations, which pro-
vides a promising insight into space constraints from motion
planning perspective [25]. As shown in the past works, it is
popular for researchers to study a robust or coupling terms to
accommodate the motion during interacting with environment.

Different from these approaches, we hope to make a forward
step to cope with the problems of compliant interaction
through monitoring the energy balance between environment
and DS at scanning motion planning level instead of robotic
control perspective. The contributions and novelties of this
article with respect to the state-of-the-art are summarized as
follows:

1) A novel adaptive DS is designed to deal with compliant
motion generation under robot-environment interaction,
which is capable to achieve force tracking without a
priori knowledge about environmental impedance mod-
el [26]. Notably, our approach only adopts the error
information between contacting force and desired track-
ing force to adjust the desired trajectory from motion
planning level instead of motion control level, which
offers a different insight to the problems of compliant
interaction.

2) In order to maintain energy conservation between the DS
and the environment, a passivity observer is deduced so
as to accommodate the unknown dynamical environment
with respect to robustness and adaptability of DS.

3) From robotic control point of view, a tan-barrier Lya-
punov function is utilized to achieve the predefined
performance such that a safety constraint control can
be guaranteed.

The remainder of this paper is organized as follows. In
Section II, we introduce the fundamental problems and im-
portant theory about the proposed method. Next, the principle
of our proposed methodology is introduced and stability of
designed system is given in Section III. Section IV provides
the convincing simulation and experiment results to validate
the proposed method. Finally, a conclusion is drawn in Section
V.

II. PROBLEM FUNDAMENTALS
In this section, all the base methods utilized in this article

are presented consisting of dynamic model of robot, state-
constraints controller we use subsequently and the principle
of DS. The novel contributions of our proposed method will
be illustrated in Section III.

A. Robot Dynamic Model in Task Space
In the literature, the case of robot-environment interaction in

Cartesian space is executed through a multi-link manipulator.
In order to cope with the compliant control problems related
to robot environment interaction, an ideal impedance model
can be concerned with a mass-damping-spring system [27]

Dc(q) ¨̃
θ +Cc(q, q̇) ˙̃

θ = Fe−MI
˙̃
θ −KI θ̃ (1)

where θ̃ ∈ Rm denotes the tracking error in m-dimension
Cartesian space with θ̃ = ξ − ξd . ξ and ξd represent the
actual and desired position of the end-effector, respectively.
Fe is the environmental contacting force. Dc(q) ∈ Rm×m and
Cc(q, q̇) ∈ Rm×m denote the positive-definite inertial matrix
and Coriolis centrifugal forces vector. MI ∈ Rm×m and KI ∈
Rm×m are the ideal damping and stiffness matrices. q ∈ Rk

denotes joint position of the k-link manipulator which can
be derived from the well-known inverse kinematic model and
nonsingular Jacobin matrix J(q) ∈ Rk×m as follow

q̇ = J−1(q)ξ̇ (2)

B. State-Constraints Motion Control
With the purpose of clarity, the principle of state-constraints

motion control is introduced in this part. To be specific, the
controller we use is defined as [28]

Fc = −


e11

cos2(
πe2

11
2γ2

1
)

...
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cos2(
πe2
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+ D̂cα̇1 + Ĉcα1 + Ĝc−δpe2

−δr sgn(e2)+Fe (3)

where δp = diag{δp1, · · · ,δpn} and δr = diag{δr1, · · · ,δrn} are
tuned parameters with δpi > 0 and δri > 0. e1 = ξ − ξd and
e2 = ξ̇ −α1 denote the Cartesian tracking error variable with
virtual control signal designing as

α1 = ξ̇ −∆1Y (4)

where ∆1 = diag{δ11, · · · ,δ1n} represents a constant positive
matrix with δ1n > 0. According to L’Hospital’s rule, we design
variable Y = [y1,y2, ·,yn]

T as a nonsingularity matrix with yn =
(γ2

n/2πe1n)sin(πe2
1n/γ2

n ) where γn determines the constraint of
system states by ||e1n||< γn. D̂c, Ĉc and Ĝc are approximated
through Broad Fuzzy Neural Network (BFNN)

D̂c = Ŵ T
D hD + εD

Ĉc = Ŵ T
C hC + εC (5)

Ĝc = Ŵ T
G hG + εG

where hD, hC and hG are transfer membership functions
integrated with the information of neurons and fuzzy rules.
εD, εC and εG denote the approximation errors. ŴD, ŴC and
ŴG represent the adaptive neural weight whose updated laws
are designed as:

˙̂WD = −νDα̇1e2−βDŴD
˙̂WC = −νCα1e2−βCŴC (6)
˙̂WG = −νGe2−βGŴG



Fig. 2. Adaptive compliant motion control architecture of the proposed method which consists of motion learning and state constraints controller.

where βD, βC and βG are the predefined parameters to guar-
antee the robustness of BFNN. νD,νC and νG denote the
update gain of neural work. In this way, the detail principle
of transfer membership functions and the proof of stability of
state constraint controller can be refer to [28].

C. Motion Planning with Dynamical Systems

DS is one of the most versatile and flexible methods in the
field of robot motion planning researches which is suitable
for real-time adaptive motion planning and robot-environment
interaction scenes. To be specific, differential equations are
adopted to model the motion characteristics such that the next
motion only depends on the current state of system, which
can provide a compromise performance between the motor
generation and the computational burden.

In this part, we introduce a short outline and the most
essential theory of DS as needed in our work. Generally, an
original autonomous DS formulation is formulated as

ξ̇d = f (ξ ) (7)

where ξd denotes the desired discrete motion state of the
system, e.g. the task’s position in Cartesian space. f (·) : Rm→
Rm is a continuous function which is used to approximate a
specific motion model such as stepping movement, reaching
out for an object. One prerequisite of dealing with motion
planing and perturbation problems through DS is the stability
theory [29]:

Theorem 1: The DS function f (ξ ) is globally asymptoti-
cally stable if limt→∞ f (ξ t) = f (ξ ∗) = 0, where ξ ∗ denotes
the target state of DS.

Previous research has proven that globally asymptotically
stable is essential for trajectory adaptation instantly in the
process of robot-environment interaction [29]. In our study,
the following assumptions are worth noticing throughout the
motion planing such that an adaptive and stable trajectory can
be obtained.

Assumption 1: The non-linear continuously DS is globally
asymptotically stable which is able to derive the motion

starting from any points and ending at the single attractor
point.

Assumption 2: The unknown interacting object is assumed
to be continuous and smooth.

III. PASSIVITY BASED DS ADAPTATION AND
CONTROL

In this section, a novel DS framework via passivity based
control is proposed to endow robots with such ability through
motion adaptation. In addition, a Broad Fuzzy Neural Network
(BFNN) state constraints controller is designed to guarantee a
safety interaction between robot and environment. Fig. 2 illus-
trates the architecture of the proposed system that incorporates
these points.

A. Adaptive Dynamical Systems Design under Interaction

As shown in Fig. 2, an original desired task motion
ξd is first obtained from some conventional demonstration
methods which eventually models as a DS f (ξ ). Aiming at
accommodating the desired motion during interacting with
the environment, the desired motion ξa is reshaped though
the proposed framework while preserving the robustness and
adaptability of DS which is defined as

ξ̇a = ΛP f (ξ )+ΛR (8)

where ΛP and ΛR denote the adaptive potential factor and ro-
bust item respectively. In this framework, the adaptive potential
factor ΛP is developed in terms of passivity observer (PO)
whose theoretical foundation will be discussed hereinafter.
In [30], the parameters of modulation item Ξ f are obtained
through trial and error which limits the fidelity of the motion
planner. To proceed, this paper brings forward a solution by
simplifying the modulation to a robust item which is designed
as

ΛR = Kr · e f (9)

where e f = Fe−Fd ∈Rm denotes the force tracking error dur-
ing interaction. Kr is the scaling factors to modulate the effect
from force error. It is worth noting that the desired contacting



Fig. 3. Depicted overall framework including Desired DS, passivity observer, reference energy provider and robot motion controller interacting with a passive
environment.

force Fd which is obtained from the task demonstration will
be zero commonly while the end-effector is moving in the free
space.

B. Passivity Analysis for the Adaptive Dynamical Systems

As we analysed before, one prerequisite of safely compliant
DS is stability in contact with environment. In this part,
passivity-based control is utilized to remain stability of the
overall DS and the corresponding analysis is solidly grounding
through the PO. Fig. 3 shows a schematic explanation of the
proposed framework.

Commonly, most DS can be regarded as a system with state
space model

ẋ = A (x,u) (10)
y = B(x,u)

where x ∈ Rk denotes the state of system. u,y ∈ Rl represent
the input and output of Eq. (10). Afterwards, we call it passive
if input u : [0,σ ]→ Rl and output signal y satisfy the follow
inequality with σ > 0 and the initial state x0 ∈ Rm [31]

E(x(σ))−E(x0)6
∫

σ

0
uT (t)y(t)dt (11)

where E(·) : Rk→ R+ denotes an energy storage function. In
other words, a system is passive in derivative form of Eq. (11)
that

Ė 6 uT y (12)

From the adaptive dynamical system Eq. (8) with pair <
ξ̇a,−Fe > point of view, one storage function which scales
the energy of passive environment can be defined as

Ėenv 6−ξ̇
T
a Fe (13)

Next, we establish another energy storage function to s-
cale the control energy with the consideration of Cartesian
impedance closed loop dynamic Eq. (1) as

Ec =
1
2

˙̃
θ

T DC
˙̃
θ +

1
2

θ̃
T KI θ̃ (14)

Upon taking the derivative of storage function with closed
loop dynamic Eq. (1), we can get

Ėc = ˙̃
θ

T KI θ̃ +
1
2

˙̃
θ

T Ḋc
˙̃
θ + ˙̃

θ
T Dc

¨̃
θ

= ˙̃
θ

T KI θ̃ +
1
2

˙̃
θ

T Ḋc
˙̃
θ

+ ˙̃
θ

T (−Cc
˙̃
θ −MI

˙̃
θ −KI θ̃ +Fe)

= ˙̃
θ

T Fe +

1
2

˙̃
θ

T (Ḋc−2Cc)
˙̃
θ︸ ︷︷ ︸

= 0
−

˙̃
θ

T MI
˙̃
θ︸ ︷︷ ︸

> 0

6 ξ̇
T Fe− ξ̇

T
a Fe (15)

To proceed, the energy storage function of the whole passive
interaction system containing robot and environment can be
defined as

Esys = Ec +Eenv (16)

Submitting the environment Eq. (13) and impedance close
loop dynamic storage Eq. (15) function into Eq. (16) and
taking the time derivation, we have

Ėsys = Ėc + Ėenv

6 ξ̇
T Fe− ξ̇

T Fe− ξ̇
T
a Fe

= −ξ̇
T
a Fe (17)

Considering the desired motion ξ̇a which is generated from
the adaptive DS and desired tracking force Fd from task
demonstration, we define a reference energy as

Pre f =−ξ̇
T
a Fe (18)

According to adaptive DS Eq. (8), the whole passive inter-
action system storage function can be rewritten as

Ėsys 6 −ξ̇
T
a Fe

= −(ΛR +ΛPξ̇d)
T Fe

= −(ΛPξ̇d)
T Fe−Λ

T
RFe (19)

Specially, the latter item of Eq. (19) is equivalent as

−Λ
T
RFe = −(Fe−Fd)

T KrFe

=
−(Fe−Fd)

T Kr(Fe−Fd)︸ ︷︷ ︸
6 0

− (Fe−Fd)
T KrFd

6 −Λ
T
RFd (20)



In this case, we can further obtain from Eq. (19) and Eq. (20)
that

Ėsys 6 −(ΛPξ̇d)
T Fe−Λ

T
RFd (21)

At the same time, the reference energy, taking the passivity
analyse of the interaction system between adaptive DS and
environment into account, can be redefined as

Pre f =−(ΛPξ̇d)
T Fe−Λ

T
RFd (22)

C. Potential Factor Adaptation Based on Passivity Observer

In this part, the design of passivity observer is elaborated
in terms of the analysis of passive dynamical system. As
discussed before, the compliant motion is generated from the
adaptive DS according to the environmental contacting force
Fe and demonstrated desired force Fd . Ideally, the proposed
scheme is committed to produce a trajectory which is able
to track the desired force Fd , i.e. Fe = Fd . At this moment,
the robust item Eq. (9) becomes zero and the ideal reference
energy is then given by:

P∗re f =−(ΛPξ̇d)
T Fd (23)

The ideal reference storage function of passive interaction
system can be derived the ideal reference energy as

Ė∗ 6−P∗re f (24)

Thereby, we give the storage function of the overall system
which consists of passive interaction system Eq. (17) and
reference system Eq. (24) as

Etot = Esys +E∗ (25)

whose time derivation is calculated as

Ėtot 6 Pre f −P∗re f (26)

According to the passive control theory, the passivity of the
overall system can be guaranteed if Ėtot 6 0. In this regard,
the passivity observer can be established as{

Non− passive Ptot > 0
Passive Ptot 6 0

(27)

where

Ptot = Pre f −P∗re f

= −(ΛPξ̇d)
T Fe−Λ

T
RFd +(ΛPξ̇d)

T Fd (28)

Although the previous work [30] has capability to generate
a compliant interaction trajectory at the motion planning
level, such scheme is insufficient for tackling the problem of
dynamical force contacting task. For this reason, the adaptation
is adopted to the compliant motion planning, as well as
remaining the stability of system during dynamical force
interaction under the criterion of passivity observer. To be
specific, the adaptive potential factor in Eq. (8) is updated
through iterative learning in every time sample by

ΛP = ΞP +Ku∆Λ (29)

where Ku is a positive learning rate. ∆Λ represents the updating
law which is determined by passivity observer as

∆Λ = P†
tot

= −(ΛPξ̇d)FT
e −ΛRFT

d +(ΛPξ̇d)FT
d (30)

ΞP denotes the initial potential factor which was designed in
our previous work [30], scaling the effect of contacting be-
tween end-effect and environment in terms of force feedback,
and it can be written as

ΞP =

{
Q(ω)H(ρ)Q(ω)−1 Fe > 0
I Fe = 0 (31)

where ω = [ω1,ω2, · · · ,ωm] =
Fe
||Fe|| denotes the unit normal

(a) Kr = 0.15, Ku = 0.08

(b) Kr = 0.5, Ku = 0.5

(c) Kr = 0.6, Ku = 1.1

Fig. 4. Comparison results of compliant motion planning under different
choices of proportion factor Kr and learning rate Ku.

vector. The basic matrix Q(ω) ∈ Rm×m can be derived by

Q(ν) = [W1 · · · WD] =


ω1 −ω2 · · · −ωm
ω2 ω1 0 · · ·
... 0

. . .
...

ωm 0 · · · ω1

 (32)

In addition, ρ = ∑
m
i=1(Fd(i)/Fe(i)) in Eq. (31) is the force

operator which determines the eigenvalues matrix given by

H(ρ) = diag{λ1,λ2, · · · ,λm} (33)

where λ1 = 1− 1
|ρ(Fe)| and λi = 1+ 1

|ρ(Fe)| , for 2 6 i 6 m. Fd is
the desired task contacting force while interaction.



Remark 1: Compared with the conventional impedance
control, the superiority of designed DS-based passivity ob-
server is that the environmental impedance model is no longer
required for compliant interaction. Note that in this paper, only
Kr and Ku need to be chosen to balance the compliant and
stability performance of the proposed method.

IV. SIMULATION RESULTS

In this part, the proposed scheme is validated through
numerical simulations, aiming at demonstrating the capability
of compliant and flexible motion generation in unknown
environment. In our simulations, contact force feedback is
considered to modulate the desired task motion during the
interaction. To be simplified, we assume that the robot is able
to track the DS motion perfectly which means there is no need
to consider the design and performance of controller.

A. Case 1: Performance of Stability in Unknown Force Field

In order to demonstrate the stability and effect of choosing
different parameters of the proposed methods, simulations of
DS planning with different start and target points are conduct-
ed under an unknown force field. Firstly, we assumed that the
DS is asymptotically stable throughout all the simulations. For
simplicity but without loss of generality, two models of DS
using in this case are defined as

DS1

{
ξ̇ (1)d =−ξ (1)
ξ̇ (2)d =−ξ (2)

(34)

DS2

{
ξ̇ (1)d =−ξ (1)
ξ̇ (2)d =−ξ (1)cos(ξ (1))−ξ (2)

(35)

The comparison simulation results of all these DS are shown
in Fig. 4. In this scenario, different DS have passed through a
disturbed force field as shown in the yellow region along with
the corresponding force equipotential lines which is modelling
as

Fe(1) = −F0 exp(ξ (1)2 +ξ (2)2)

Fe(2) =
√

F2
0 −Fe(1)2 (36)

where Fc = Ke(R0
√

ξ (1)2 +ξ (2)2 with Ke = 8 and R0 = 2 in
this simulation respectively. Additionally, we set the desired
contacting force as Fd = 8 in the process of movement in the
force field. From these results, we can see that the compliant
adaptive motions generated by the proposed method remain
stable with different set of parameters. Nevertheless, too small
values may lead to poor capability of force tracking under
disturbance, i.e. large force tracking error, and vice versa. It
is obvious that too large parameters may also result in motion
jitter or even system instability.

B. Case 2: Capability of Motion Generalization in case of
Dynamical Force Tracking

In this part, we validate our approach to demonstrate the
capability of dynamical force tracking and stability of the
overall passive DS. To proceed, an adaptive motion is first

generated through the proposed passive DS which is defined
as

ξ̇d =

[
ra cos(θa)+ r0(1)
ra sin(θa)+ r0(2)

]
(37)

where ra and θa denote the radius and angle with respect to the
center of contacting object in polar coordinates whose velocity
are set as

∂ ra

∂ t
= −Ka(ra− r0)

∂θa

∂ t
= 0.5 (38)

where Ka = 4 and r0 = 0.25. Meanwhile, the model of contact-
ing object is designed as an irregular shape force field whose
boundary is defined as

ηo =

[
ε1 cos(ν)

ε2sgn(ν)(1− cos(ν))2µ

1
2µ2

1

]
(39)

where ε1, ε2, µ1 and µ2 are the predefined parameters to
determine the shape of object. ν denotes the angle of boundary,
i.e. ν = arctan(ξ (2)/ξ (1)). During contacting with the irreg-
ular object, we assume that the contacting force is inversely
proportional to the distance to the center of the object, e.g.
Fe = dr(r0− ra)/r0.

Fig. 5 shows the related simulation results of adaptive
motion planning in case of dynamic force tracking through the
proposed method. Firstly, we set the desired force, changing
from 5N to 17N for every ten second and the DS parameters
are set as Kr = 0.2 and Ku = 0.02 respectively during the whole
motion. As shown in Fig. 5(a), it can be easily concluded
that the adaptive motion stays stable during contacting the
object at all time by the proposed method even the desired
force is changed in time. The curves illustrated in Fig. 5(b)-
(e) have shown the performance of dynamic force tracking, in
which the ordinate is the scale of contacting force while the
abscissa is the time of motion. From these figures, the adaptive
motion is able to track with the desired force. Although the
error of force tracking is mutation suddenly at the moment
of desired force changing, it returns to steady immediately
and remains within 1N. Compared with previous work [27],
another significant progress is that the proposed method can
also valid for the attractor point of adaptive DS whose location
is in the region of object as shown in Fig. 5(a), which
relaxes the strict assumption in [30] such that expanding the
application in robot-environment interaction. Furthermore, the
total energy of passive DS is investigated in Fig. 5(f) which
indicates that the passive energy remains stable during the
interaction even the change of desired force.

V. EXPERIMENTAL RESULTS

A qualified ultrasound scanning action is required to fully
consider the physical characteristics of patient including body
shape, skin smoothness and scanning position. It is scarcely
possible to establish a standard schedule for robot system
to complete the scanning for different people. Aiming at
further demonstrating the adaptive and compliant capability



(a) Trajectory generated by proposed
method in terms of contacting force and
desired force.
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(b) Force tracking results.
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(c) Force tracking error.
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(d) Force tracking in X-space.
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(e) Force tracking in Y-space.
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(f) Performance evaluation of passivity observer
∆Λ of the overall interacting system.

Fig. 5. Simulation Results of compliant force tracking in phase of motion planning.

(a) Performance evaluation of pas-
sivity observer of the overall inter-
acting system.

(b) Decomposition of contact-
ing force Fe.

Fig. 6. Experimental platform for robot ultrasound scanning.

TABLE I
VALUES AND MEANINGS OF PARAMETERS IN CONSTRAINT CONTROL AND

PASSIVITY LEARNING

Parameter Description Value

[γ1,γ2,γ3] Constraints parameters of system state [0.05,0.05,0.05]
∆1 Virtual control gain diag{23,23,25}
δp Constraint motion control gain diag{3,3,3}
δr Constraint motion control gain diag{50,50,75}
βD Robust item of BFNN 5
βC Robust item of BFNN 5
βG Robust item of BFNN 5
νD Update gain of NN 0.3
νC Update gain of NN 0.3
νG Update gain of NN 0.3
Kr Scaling factor of force error 0.1
Ku Passivity learning rate diag{0.5,0.5}

of the proposed method, experiments imitating liver ultrasound
scanning on robotic system autonomously is conducted.

Fig. 6(a) shows the experimental platform. Ultrasound s-
canning is executed by a 7 degree-of-freedom (DOF) Baxter
collaborative robot, equipped with a Mini45 Force/Transducer
Sensor to measure the contacting force and scanning probe
made by 3D printer at the end-effector of manipulator. In the
experiment, the controller is developed under Robot Operating
System (ROS), whose Software Development Kit (SDK) is

provided from Rethink Company and the control rate is set as
100 Hz.
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Fig. 7. Trajectory tracing under different desired contacting force.

In order to evaluate the performance of the proposed method
in the presence of uncertainty, there is no priori knowledge of
the patient model during the whole experiment. Furthermore,
As shown in Fig 6(a), we first design an initial desired DS,
scripting a simple straight way to converge to the target point
from any initial position

ξ̇d =−Q(ξ −ξg) (40)

where Q = diag{3,3,3} in this experiment. Target point is
set as ξg = [0.75,0.16,0.05]. While the probe is scanning on
the surface of body, the desired DS ξd will be modulated
adaptively through Eq. (8) to ξa so as to achieve the compliant
interaction.

In this experiment, we design different force tracking sce-
narios for the robot to scan along the skin of patient, e.g.
Fd = 3N,5N and 7N to verify the capability of compliant
motion generation of the proposed method. To simplify the
question but without loss of generality, the desired motion is
only modulated in x and z axis in this case. Thus, the tracking
force Fd and Fe represents the force of the normal vector of
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(b) Contacting force at X-axis.
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(c) Contacting force at Z-axis.
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(e) Force tracking error.
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(f) Contacting force at X-axis.
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(g) Contacting force at Z-axis.
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(i) Force tracking error.
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(j) Contacting force at X-axis.
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(k) Contacting force at Z-axis.
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Fig. 9. Experimental results of force tracking under different desired contacting force. (a)-(d) are the force tracking results under 3N desired contacting
force. (e)-(h) are the force tracking results under 5N desired contacting force. (i)-(l) are the force tracking results under 7N desired contacting force.
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Fig. 8. Simulation results of tracking error by using the position state
constraint controller.

the contacting surface and then it will be decomposed into
horizontal and vertical vector as shown in Fig 6(b).

As for the state constraint controller using in this experimen-
t, the value of parameters are listed in Table. I. Fig. 7 shows
the scanning motion tracking results by using the proposed
methods under a two-dimension space, e.g. X , Z axis, where
we can see that the proposed method successfully modified the
original DS to adapt the external unknown contacting force so
as to achieve a compliant interacting behavior.

In this experiment, a purely position controller with state
constraints is employed to verify the efficiency and effective-
ness of the proposed motion adaptive method. We first set three
cases with different desired contacting force whose control
parameters are all chosen the same as Table. I. The robot
starts from different random positions and then moves at a free
space along with the desired DS. While contacting with surface
of body, the DS will be adjusted in terms of the impressing
force measured by force sensor such that the probe is able
to scan the skin compliantly under specific desired tracking
force. As shown in the sub-graph, the probe presses deeper
while the desired tracking force is set larger. After completing
the scanning motion, the probe will be converged to a unified
point finally.

Under the constraint controller, the tracking error of adap-
tive DS motion can be restricted within a specific limitation
which enable the controller not be disturbed by the interacting
force as shown in Fig. 8. From the results, we can note that
tracking errors are always close to zeros (less than ±0.05)
despite the robot is scanning along with the body.

In spite of verifying the compliant motion tracking perfor-
mance of the proposed method, the force tracking experimental
results are also shown in Fig. 9. In the experiments, the
contacting force of normal vector is decomposed into two
components, e.g. force in the horizontal X and vertical Z
direction. In this case, we first set the desired force Fd = 0
in the process of free motion. Because of the zero wander of
the force sensor, the measured contacting force will not be
zero in spite of the free movement phase which may cause a
negligible force tracking error.

VI. CONCLUSION

In this paper, a novel adaptive trajectory generating frame-
work is proposed based on DS to tackle with the compliant
interaction problem in the motion planning phase. Meanwhile,
the proposed method is able to deal with dynamic force
tracking problems incorporated the feedback of contacting
force. In addition, passivity analysis based on iterative learning
is adopted to update the potential factor in DS so as to satisfy
the criterion of stability of adaptive DS during the interaction.
Simulations are conducted to valid the effectiveness, stability
and generalization of proposed methodology. Therefore, with
the help of proposed adaptive DS, a compliant behavior can
be achieve only by using position control which has brought a
novel insight for robotic research. In the future, the proposed
method will be considered the force constraint problems which
is able to improve the safety of compliant interaction towards
the unknown environment.
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