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Abstract— Emerging applications of robotic manipulation
of deformable objects have opened up new challenges in
robot control. While several control techniques have been
developed to manipulate deformable objects, the performance
of existing methods is commonly limited by several issues: 1)
implicit assumption that the physical contact between the end
effector and the object is always maintained; 2) requirements
of exact parameters of deformation model, which are difficult
to obtain; and 3) stability or effectiveness in scenarios of
low-speed manipulation. This paper presents a new control
scheme for robotic manipulation of deformable objects, which
allows the robot to automatically contact then manipulate
the deformable object by assessing the status of deformation
in real time. Instead of designing multiple controllers and
switching among them, the proposed method smoothly and
stably integrates two control phases (i.e. region reaching and
active deforming) into a single controller. The stability of the
closed-loop system is rigorously proved with the consideration
of uncertain robot dynamics, unknown deformation model,
and also uncalibrated cameras. Hence, the proposed control
scheme guarantees the feasibility, the autonomous capability,
and the stability of active deformation of deformable objects.
Experimental results in a medical robot system (da Vinci Re-
search Kit) have been presented to illustrate the performance
of the proposed controller.

I. Introduction

Object manipulation is the most fundamental and
common task when a robot is interacting with its
surrounding environment [1]. The robotic manipulation
with rigid object has been extensively and successfully
studied in terms of motion control [2], motion planning
[3], force control [4], etc, with applications in a number of
traditional fields, e.g., pick and place in PCB manufac-
turing line, painting and welding in vehicle assembly line
and so on [5]. However, the manipulation of deformable
objects is inevitable in areas like food industry [6],
robotic laundry [7], 3C industry [8], and robotic surgery
[9], in which robots have to interact with objects that
are inherently “soft”.

The objective of robotic manipulation of deformable
objects can be defined as providing desired configurations
(e.g., shape) by the interaction with robots. Several
works have been reported in the literature for robotic
manipulation of deformable objects. Using mass-spring
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model, people studied the deformation control of one
dimensional and two dimensional objects [8], [10]-[12].
For better accuracy, people used finite element analysis
to model the deformable objects [6], [13], [14]. However,
the computation is too intensive to be used in the real
time control. Therefore, these approaches suffer either
from the pool accuracy or from the intensive compu-
tation. Moreover, the approaches need prior knowledge
(e.g., parameters) of the object deformation model, which
makes it less applicable for deformation control. On the
other hand, instead of relying on deformation models
with parameter identification, in [15]-[17], people used
numerical methods to estimate the deformation property
so as to control it. Some others used regressor-based
methods to control the deformation, and meanwhile
online estimate the deformation parameters [18], [19].
The advantage of these approaches comes from the fact
that they do not need to identify the parameters of
deformation model beforehand.

The aforementioned results commonly require the
exact parameters of deformation model, which is usually
varying with different material, dimension, and size
of deformable objects and hence difficult to obtain.
While the adaptive control is able to estimate the
unknown parameters online [18], [19], existing adaptive
controllers are limited to kinematic levels, in the sense
that the manipulation speed of the robot is low such
that the robot dynamics is negligible. Moreover, all
the works mentioned above are based on an implicit
assumption that the robot end-effector is connected with
the deformable object initially and rigidly during the
manipulation, which actually implies that a certain level
of human assistance is still required to initiate or re-
establish the physical contact between the robot end
effector and the object whenever it is lost.

To overcome the limitations, a new vision-based adap-
tive controller is proposed for robotic manipulation of
deformable objects in this paper, which is able to improve
the autonomous capability of existing results and also
guarantee the dynamic stability of closed-loop systems
in the presence of unknown parameters of deformation
model and camera model. In particular, the proposed
controller enables the robot to automatically contact
then actively deform the deformable object into a desired
configuration, by using the vision feedback to assess
the deformation in real time. Instead of having two
standalone controllers for contact and active deformation
separately and switching among them, the proposed
method provides a unified formation by integrating two
control phases into a single controller in a smooth and

©2018 IEEE. Personal use of this material is permitted. Permission from IEEE must be obtained for all other uses, in any current or future media,
including reprinting/republishing this material for advertising or promotional purposes, creating new collective works, for resale or redistribution to
servers or lists, or reuse of any copyrighted component of this work in other works.



stable manner. Novel adaptation laws are developed
to update the unknown parameters of robot dynamic
model, deformation model of objects, and camera model
concurrently and separately. The dynamic stability of
the closed-loop system is rigorously proved with Lya-
punov methods, such that the proposed controller is
theoretically grounded even for high-speed applications.
An experimental study is conducted with a medical robot
system (the da Vinci Research Kit) to demonstrate the
performance of the proposed method.

The rest part of this paper is organized as follows:
Section II details the related background, Section III
presents the novel control scheme, Section IV shows
experimental results, and Section V concludes the paper.

II. Background
A. Robot Kinematics and Dynamics

Consider a vision-based robotic manipulation system
shown in Fig. 1. A camera is employed to observe the
feature point on the deformable object, and the robot
end-effector is controlled to contact and manipulate the
deformable object into a desired configuration. Let r =
[r1 7o r3]T € R? denote the position vector of the robot
end-effector in task space, and q € R™ denote the robot
joint positions. Taking the time derivate of r, we can
obtain a velocity mapping as follows:

where J,.(q) € R? x R™ is the Jacobian matrix from the
joint space to the task space.

It is well known that the dynamic of a robot manip-
ulator can be formulated in the following form:

H@a+ (3@ S@a)ate@=r+n @)

C(q,4)

where H(q) € R™ x R™ is called robot inertia matrix,
which is symmetric positive definite, C(q,q)q € R"™ is
a vector of centripetal and Coriolis forces, g(q) € R”
represents gravitational forces, 7 € R"™ is the control
input, and 7. € R™ denote the interaction torque because
of the physical interaction between the end effector and
the object. Note that, C(q, q) can be further decomposed
into two components, where S(q, q) is skew-symmetric.
In addition, 7. = J7(q)f. where f. € R? is the interaction
force exerted on the deformable object which is also
bounded. Note that the force reduces to zero when the
end effector does not contact the object.

In this paper, it is assumed that the dynamic param-
eters are unknown, which will be estimated online by
exploring the following property.

Property 1. Given a proper definition of the unknown
parameter vector 8, describing the physical properties,
the terms H(q), C(q,q), and g(q), all depend linearly
on 84, and can be linearly parameterized as follows [20]:
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Fig. 1. Illustration shows the deformable object manipulation
setup. The robot manipulator does not contact the object to be
manipulated initially.

H(q)4r + C(q, 4)ar + g(a) = Ya(q,4,4r, Gr)0a (3)

where q, is called nominal reference.

B. Deformation Model and Camera Model

In this work, we model the deformable object as
a homogeneous elastic body which has no rheological
properties as [21]:

x=Dr+d (4)

where x = [z y 2]T € R3 denote the position vector of
a feature point on the surface of a deformable object in
Cartesian-space, D € R? x R3 and d € R? are constant
matrix and vector, respectively, representing the object
deformation properties.

To measure the deformation, we use a fixed camera to
get the vision feedback without calibration (intrinsic and
extrinsic) in an eye-to-hand manner. Let y = [u v]T € R?
denote the position vector of the feature point projection
on the image plane. Under the perspective projection
model [22], the projection of the feature point on to the
image plane can be given as follows:

)bl

where ©z is the depth of the feature point with respect to
the camera frame, K € R? x R? is an upper triangular
constant matrix associating with the camera intrinsic
parameters, and R € R3xR? and t € R? are the rotation
matrix and translation vector, respectively, representing
the camera extrinsic parameters.

Multiplying ¢z on the both sides of (5), we can rewrite
it as follows: [°zy,“z]T = Wr 4+ Md + Kt, where M =
KR and W = MD = KRD. Let w] denote the ith row
vector of W, m] denote the ith row vector of M, and



t, denote z component of the translation vector t. Then
¢z can be computed as follows:

‘z=wlr+mld+t, (6)

By differentiating (5), we can obtain the following
velocity mappings:

i = Qna (7a)

where Qp € R? x R" is called combined depth-
independent image-deformation Jacobian matrix in the
following form:

T _ T
S A [ ®)

Therefore, the combined image-deformation Jacobian
can be defined J, = %QD.

The exact information about the deformation model is
usually unknown and difficult to obtain, because it varies
with different material, shape, and size of deformable
objects. In addition, the exact camera model is obtained
with identification or calibration techniques, which is
laborious. Even the camera model can be obtained with
sufficient accuracy, it is not flexible to re-calibrate the
camera every time when it is adjusted to suit a new
deformable object which is to be manipulated. Moreover,
the unknown depth information cannot be updated
together with other unknown parameters using adaptive
control techniques [23], as it is inversely proportional to
other parameters, thereby cannot be extracted to form
a lumped vector.

In this paper, the unknown depth information and
the unknown parameters of the camera model and
deformation model will be estimated by exploring the
following two properties, respectively.

Property 2. “zy is linear in sets of constant values such as
robot DH parameters and camera intrinsic and extrinsic
parameters, and it can be linearly parameterized as
follows [24]:

2y = Y.(y,r)0. (9)

where y is the velocity of the feature point projection,
Y.(y,r) is called the depth regressor matrix, and 0,
represents the unknown depth parameters.

Property 3. For any 3 x 1 vector p, the product Qpp
can be be linearly parameterized in the following form:

Qpp =B(p,q,y)0

where B(p, q,y) is a regression matrix without depend-
ing on the robot kinematics parameters, the camera
parameters (intrinsic and extrinsic), and the object
deformation parameters, and € is a constant vector of
the unknown parameters.

(10)

IIT. Adaptive Control for Contacting and Manipulation

In this section, a new adaptive controller is proposed to
enable the robot to automatically contact then actively
deform the deformable object into a desired configura-
tion, together with novel adaption laws for updating the
unknown parameters of the robot dynamic model, objec-
tion deformation model, and camera model concurrently
and separately. Two types of feedback information (i.e.
Cartesian-space and image-space feedback) are employed
for the operations of contacting and manipulation respec-
tively and also integrated into a single controller.

A. Regional Feedback

In this work, we make the use of the region reaching
control technique [25] for regulating the robot end-
effector to reach a specific region. The region is specified
in Cartesian-space and also attached to the deformable
object, such that the end effector contacts the object
after it enters the Cartesian-space region. Let ro =
[ro1 To2 ro3]T denote the centroid of the region. Then
the region-function is defined in the following form:

(Tl — TOl)nT' T Rl_nr
(r2 —r02)"" Ry" | —1
(rg —rog)™" R;""

fr) = (11)

where R;,i € {1,2,3} are positive constants representing
the radiuses along three principal axes, respectively, and
n, > 2 is the order of the region which is also an even
integer. As the order of the region increase, the region
shape more looks like a cuboid with rounded corners
(as shown in Fig. 2). Therefore, the shape, the size,
and the position of the region can be changed to suit
different deformable objects by varying the parameters
of the region function.

Then, a potential energy function for the region
reaching controller can be specified in the following form:

Po(r) = "2 fmax(0, £ ()] (12)

where kp_ is a positive constant, and N > 4 is an even
integer, which is the order of the function.

Partial differentiation of the potential energy (12) with
respect to r results in:

A€ (r) = (8]3?) ) '

T
— ke bmax(0. ) (2) )
r
which represents the Cartesian-space regional feedback.
From (13), the region error Ae,.(r) is nonzero where
f(r) > 0 and hence drives the end effector to enter the
region and also contact the deformable object, and it
automatically reduces to zero where f(r) < 0, that is,
inside the region The Cartesian-space region error will
be used to achieve the operation of contacting.
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Fig. 2. A Cartesian region (blue mash) represents the volume that
a deformable object (pink cuboid) occupies in the Cartesian-space.
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Fig. 3. A weighting factor for phase switch. The value is 0 when
the end-effector is out of the region and is 1 when the end-effector
is inside the region (contacts the object).

Next, the vision is only employed for the active
deformation after the robot end effector stably contacts
the deformable object. To monitor the position of the
end effector with respect to the Cartesian-space region,
a weighting factor is constructed as follows:

1
(k7 —1)16

{min [0, fmin(0, F(r)]* — (5 — 1)1} (14)

where 0 < kK < 1 is a constant, which controls steepness
of the function. That is, w,(r) = 0 when f(r) > 0,
and it smoothly increases to 1 when f(r) < 0. A two
dimensional visualization of the weighting factor is shown
in Fig. 3.

By using the weighting factor, a composite vector is
defined in the image-space y. = w,(r)yq4+ (1 — w,(r))y,

wp(r)=1-—

where y4 is the desired (constant) position for the feature
point on the image plane. Then the image-space regional
feedback is specified as follows:

Aey =y —y. (15)

From (14), when the end effector does not contact the
deformable object, w,(r) =0, y. =y, and hence Ae, =
0, that is, the vision feedback is not used; when the end
effector contacts the object, w,.(r) = 1, y. = yq4, and
hence Ae, # 0, hence, the vision feedback is activated.

B. Adaptive Controller Design

With the regional feedback from both Cartesian-space
and image-space, a unified controller is proposed to
achieve the operations of contacting and active defor-
mation simultaneously, in the presence of uncertain
robot dynamics, unknown deformation model, and un-
calibrated cameras.

The controller is proposed as follows:

T= Yd(q, q,4qr, éir)éd - kgsgn(s) —K;s

=k JT(q)Ae (r) — kyj;(ém éq)Aey (16)

where 0,4 is an estimation of unknown constant vector 6y,
and s is a sliding vector, which is introduced as follows:

s=q—a =q-J7(0.,0)¥. + T, (q)Ae,(r)

+a,Jf(0.,0,) ¢, (17)

and sgn(-) is a sign function, and k; is a positive
constant. The term —kgysgn(s) will be used to deal with
the interaction force. j;}‘ (éz, éq) is the pseudo-inverse of
the image-deformation Jacobian estimation J,(6.,8,),
which can be constructed by the online updated vectors
6, and éq. Note that Ae, and Ae, are employed in the
operations of contacting and manipulation respectively,
and the image-space regional feedback is only activated
when the robot end effector has stably contacted the
deformable object. Whenever the contact is lost during
the manipulation, the manipulation is suspended (i.e.
A€, = 0), and the Cartesian-space regional feedback is
triggered (i.e. A€, # 0) to enable the robot to re-contact
the object again. While different feedback information
is employed in the local region, the combination of
regional feedback guarantee the autonomous contacting
then manipulation in a unified controller. Since the
weighting factor (14) is smooth, the transition between
different feedback is also continuous without any hard
switching.

From Property 2, the product of depth estimation error
¢z —°z and the image velocity y can be linearized in the
following form:

2y — 2y =Y.(y,r)A0, (18)
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Fig. 4. Sequence of snapshots during two experiment scenarios. From it = 60 to it = 99, the robot was manually pushed away from the
phantom. The green point represents the tracked point and the red point denotes the desired position. (it denotes iteration)

TABLE I
Values and Status of the Errors and Adaption Laws

Operation Feedback | wr | A€, | Agy 0. & 0,
Contact Cartesian 0 - 0 Suspended
Manipulation Image 1 0 - Updating

where AQ, = éz —-0,.

Similarly, from Property 3, the product of the com-
bined depth-independent image-deformation Jacobian
matrix estimation error and the joint velocity can be
linearized as:

Qpa — Qpa = Y,(q,q,y)A8,

where A8, = éq —0,.
Then, the uncertain parameters 84, 8., and 8, can be
updated as:

(19)

d, .

%ed = _FdY; (qa q,qr, qr)s (20&)
%éz = —ZI.YI(y,r(r))Ae, (20b)
d, .

%011 = ZF!IY.qr (q7 qQ, Y)Aey (20C)

where Z = kycé_l. Iy, I';, and T’y are positive-definite
and diagonal gain matrices.

In particular, (20a)-(20c) are developed to update
the dynamic parameters, the depth parameters, and
the deformation parameters, respectively. When the end
effector does not contact the deformable object, Ae, =
0, and hence both %éz and %éq are equal to zero.
That is, the updating for the estimated Jacobian matrix
J,(6.,60,) is suspended. Tt is reasonable since both
the vision feedback and the estimated Jacobian matrix
jy(éz,éy) are only used in the phase of manipulation,
after the end effector stably contacts the deformable
object. The variations of control terms in different
operations are summarized in TABLE 1.

Theorem 1. For the dynamics (2), the controller (16)
together with adaptation laws (20a)-(20c) realizes the
contact and active deformable of deformable objects,
i.e., the asymptotic stability of both the Cartesian-
space region error and the image-space region error is
guaranteed (A€, — 0, Ae, — 0 as t — 00).

Cadiere
Forceps

Camera,

Fig. 5. The experimental setup consists of a PSM with Cardiere
Forceps installed, a camera (uncalibrated), and a piece of phantom
(unknown physical characteristics).

The proof is given in Appendix I.

IV. Experimental Studies
A. Experimental Setup

To validate the proposed control method, we used the
da Vinci Research Kit (dVRK) as our experimental plat-
form (as shown in Fig. 5). The dVRK is a tele-surgical re-
search platform consisting of the mechanical components
donated by Intuitive Surgical Inc. and the open source
electronics and software libraries (cisst/SAW) developed
by researchers in Johns Hopkins University [26]. The
robot has two Patient Side Manipulators (PSM), two
Master Tool Manipulators (MTM), and one Endoscope
Camera Manipulator. Since the dVRK in the Chinese
University of Hong Kong uses a retired da Vinci Classic
System as its mechanical components, it also has Setup
Joints (SUJ) for holding PSMs and the ECM.

In this work, we conducted the experimental studies
using a single PSM with a Cadiere Forceps (Intuitive
Surgical Inc.) installed. During the experiment, the
vision feedback is provided by a Point Grey Firefly
camera (FMVU-03MTC-CS). The deformable object is
simulated by a piece of sponge. The phantom has
the shape of a cuboid (95mmx65mmx10mm), and is
flexible with homogeneous mechanical properties. To
track the position of the feature point, we implemented
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Fig. 6. The experimental results. Light blue region represents
the region reaching phase, light green represents active deforming
phase, and light red represents transition phase.

Lucas-Kanade optical flow algorithm using the OpenCV
library [27]. The experimental software is written in
Python using rospy as a ROS package [28]. Further, to
mitigate noisy image velocity calculated by the numeric
differentiation, we implemented a first low-pass filter.

B. Experimental Procedure

We used a tripod to hold the phantom, whose position
is known with respect to the base frame of PSM, and
defined the Cartesian region by taking it as a reference.
We selected a feature point to be tracked and marked
the a desired point on the image plane that needs to be
coincided. The snapshots of the experiment are shown in
Fig. 4. We first ran the algorithm to let the robot contact
then manipulate the phantom to the desired pose, i.e.,
overlaying the green point onto the red point. Then,
we interrupted the the movement by manually pushing
the robot away from its desired pose. Then, we released
the robot and let it to re-contact and re-manipulate the
deformable object.

C. Experimental Results

The results of the experimental study is shown in Fig.
6. The whole experimental study can be divided into two
parts. In the first part, the robot first moved towards to
the object (from it = 0 to it = 30). Once the robot end-
effector entered the Cartesian region and contacted the
object, the Cartesian-space regional error Ae, converged
to 0 and the value of the weighting factor increased
from 0 to 1. Meanwhile, the image-space regional error
was activated and the robot started to actively deform
the object using the vision feedback. The image-space
regional error Ae, converged to 0 at it = 66. Then,
at it = 73, we interrupted the active deformation by
manually moving the end-effector away from the object,
so that the value of the weighting factor dropped from

1 to 0. Once we released the robot, it moved towards
to the object again to re-contact then re-manipulate the
object. The Cartesian-space regional error Ae, and the
image-space regional error Ae, converged to 0 again at
it = 110 and it = 139, respectively.

V. Conclusion

In this paper, a new control scheme has been de-
veloped for robotic manipulation of deformable objects,
which allows the robot to automatically contact then
manipulate the deformable object by assessing the sta-
tus of deformation in real time. Instead of designing
multiple controllers and switching between them, the
proposed method smoothly and stably integrate two
control phases (i.e. region reaching and active deforming)
into a single controller. The stability of the closed-loop
system is rigorously proved with the consideration of
uncertain robot dynamics, unknown deformation model,
and also uncalibrated cameras. Hence, the proposed
control scheme guarantees the autonomous capability,
the feasibility, and the stability of active deformation
of deformable objects. Experimental results in a med-
ical robot system (da Vinci Research Kit) have been
presented to illustrate the performance of the proposed
controller. The proposed method provides a solution to
robotic manipulation of deformable objects and can be
easily extended to many other growing field such as food
processing, 3C manufacturing, and automatic laundry.

Appendix I
Stability Analysis

Injecting Eq. (16) into (2) and considering Property
1, we obtain the closed dynamics in the following form:

Hs + Cs = 7. + Y A0, — kgsgn(s) — Ks
— kJT A€, — kyJT A€, (21)

where AQ,; = éd —0,.
Introduce the following positive-definite function:

1 1
V = §STHS + kTPT(I') + §kyA€ZA€y
1 ~ 1 _ 1 _
+ 5A@;rd A0, + 5Aevgrz A0, + 5A@;rq 'hg,
(22)

Differentiating V' and substituting (13), (15), (20a),
(20b), (20c) into V result in:

- N . o
V =sTH(q)s + §STHS + krA€lt + ky A€l (y — ye)
— AQIT;'T,Y]s+ AQIT, ' ZT Y] Ae,
— AQTT;1ZT Y] Ae, (23)

The first two terms in V can be rewritten as follows:



1 .
sTHS + isTHs =sT {Hs + Cs}
=8TY A0y +sTr, — kysTsgn(s) — sTK;s

—(@= 33 (ke Il A, + k,J]A¢, )

~ (o0 Tf A+ ayj;Aey)T (ke ITAe, + iy d] A, )

(24)

The above coupling terms are zeros all the time since

Ag, is nonzero only when f(r) > 0 (w(r) = 0, ie.,

outside the region), where Ae, =y —y. =y — (w(r)yqs+
(I-w(r)y)=y—-y=0.

(0T Ae,)T - (kyj;Aey) 0 (25a)

(ayj;Aey)T (b JTA€) =0 (25b)

The term (j;'yc)T - (k. JTAg,) is also zero, since when
A€, #0 (f(r) > 0 or w(r) = 0), the robot end-effector
hasn’t contacted the deformable object, or just contacted
the object without significant deformation, and thus it
is reasonable to assume that the velocity of the feature
point on the deformable object is zero, i.e. y = 0. Then,
ye=y=0.

In V. after substituting the closed-loop equation, we
will obtain the term sTT. — kysTsgn(s) where 7. is
bounded. It is assumed that the upper bound of 7. is
be, then we have sTr. — kysTsgn(s) < —(kg; — be)||s]|.
Therefore, if k, is chosen sufficiently large such that
kg > be, we have the term sTr, — kgsTsgn(s) < 0.

Considering all above, it is obtained that:

V =sTr., — k,sTsgn(s) — sTK,s
— kra, A€l (r)Ae, — kya, A€l Ag,
< —sTKs — k.o, A€l (r)Ae, — kya, A€l Ag,

<0 (26)

Since from (22), V is positive definite, and from (26),
V is negative semi-definite, V is bounded, such that s,
P, Aey, Ay, AB,, A, are bounded. The boundedness
of P, ensures the boundedness of f. Therefore, r is
also bounded. Since f is specified as scalar functions
with continuous partial derivative, the boundedness of r
ensures the boundedness of the partial derivative. Since
both f and its partial derivative are bounded, the region
error A€, and its partial derivative with respect to r are
bounded, as observed from (12). The boundedness of
Alg, Ay, and AB, indicate that éd, éq, and éz are
bounded.

Because w, is bounded (0 < w, < 1) and Aey is
bounded, y is bounded. Since w, € C?, % is bounded.
When 0 < w, < 1, the interactive force between the
robot end-effector and the deformable tissue can be
written as D,r + K,r = f,, in which D, and K, are
constants and f. is bounded such that r is bounded.

The bounded 8{;‘? and r indicate the boundedness of
Wy

When w,. = 0, the robot end-effector does not contact
the object yet so that y = 0 and hence y. = —y =0
is bounded. When w, = 1, y. = 0 is bounded. When
0 < w, < 1, the robot end-effector just contacts the
object without significant deformation, and thus it is
reasonable to assume that the y = 0 is bounded.
Therefore, y. is bounded. The bounded éq and éz
indicate the boundedness of j;j JF is also bounded.
Therefore, q, is bounded, together with the bounded s,
we can conclude the boundedness of q. The bounded ¢
guarantees that r and y are bounded.

As mentioned above, 8‘5‘? is bounded and r is
bounded, thus Aé, is bounded. The boundedness of y.
and y ensure the boundedness of Aé,. Therefore, Ae,
and Aeg, are uniformly continuous. From (26), we have
A€, € Ly and Ag, € Lo; from [29], it is shown that
A€, — 0 and Ae, — 0, which means the robot end-
effector moves into the Cartesian-space region and the
position of the feature point moves to the desired set
point.
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