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Abstract— Despite recent advancements in torque-controlled
tactile robots, integrating them into manufacturing settings
remains challenging, particularly in complex environments.
Simplifying robetic skill programming for non-experts is crucial
for increasing robot deployment in manufacturing. This work
proposes an innovative approach, Vision-Augmented Unified
Force-Impedance Control (VA-UFIC), aimed at intuitive visuo-
tactile exploration of unknown 3D curvatures. VA-UFIC stands
out by seamlessly integrating vision and tactile data, enabling
the exploration of diverse contact shapes in three dimensions,
including point contacts, flat contacts with concave and convex
curvatures, and scenarios involving contact loss. A pivotal
component of our method is a robust online contact alignment
monitoring system that considers tactile error, local surface
curvature, and orientation, facilitating adaptive adjustments
of robot stiffness and force regulation during exploration. We
introduce virtual energy tanks within the control framework to
ensure safety and stability, effectively addressing inherent safety
concerns in visuo-tactile exploration. Evaluation using a Franka
Emika research robot demonstrates the efficacy of VA-UFIC in
exploring unknown 3D curvatures while adhering to arbitrarily
defined force-motion policies. By seamlessly integrating vision
and tactile sensing, VA-UFIC offers a promising avenue for
intuitive exploration of complex environments, with potential
applications spanning manufacturing, inspection, and beyond.

I. INTRODUCTION

Robotic systems have become indispensable in industrial
operations, excelling in tasks demanding repetitive speed and
precision. However, challenges persist when these systems
confront tasks requiring nuanced force and compliance con-
trol, such as polishing car doors or carving metal. Despite
advancements in torque-controlled tactile robots, their de-
ployment for tactile and flexible interaction remains limited
due to the expertise required in control implementation [1].

To enhance the deployment of tactile robots, the devel-
opment of straightforward and intuitive robot skill program-
ming methods is essential to alleviate the need for intricate
tailoring and adjustment of software programs according
to the task specifications of each application. In traditional
factory settings, industry experts experienced in standard
automation processes program the machines, such as CNC
machines, to perform required motion or force to deliver
high-quality operations [2]. However, although robotics has
made vast progress in force-motion interaction, including
impedance, force, and unified controls [3]-[5], in flexible
manufacturing where frequent reconfiguration is common,
it remains difficult to efficiently program the robots while
adhering to desired forces and motions derived from task and
process requirements. Moreover, deploying robots in highly
variable environments, such as small batch-size production,
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Fig. 1: Visuo-tactile exploration of unknown rigid 3D curva-
tures by vision-augmented unified force-impedance control (VA-
UFIC) for a chosen tactile skill. Visuo-tactile exploration is the
next step to achieving a force-motion planning framework that
outputs an object-centric force-motion profile for an arbitrary tactile
skill policy. The explored environment is fed back to the library to
further plan the force-motion policy.

requires fine-tuning robot controllers to adapt to changing
environmental features and constraints [6]—[8].

To achieve more natural and intuitive robot programming
to broaden robot deployment in manufacturing, it is desirable
to autonomously explore environmental features for a given
arbitrary force-motion policy and use the explored envi-
ronment information to plan the object-centric force-motion
policy, as shown in Fig. 1. Methods such as the operational
space framework, constrained-based task specifications, and
object-centric representations constitute significant steps to-
wards a user-friendly programming paradigm [9]-[12]. How-
ever, directly producing or planning the object-centric force-
motion policy for a non-control expert, given an arbitrary
force-motion policy, requires autonomous investigation of
the environmental constraints experienced by the tools, such
as surface curvatures or normal, during task execution.
This approach would allow non-experts to use controllers,
leveraging environment exploration and analysis of current
surface constraints.

Integrating visual and tactile sensors for contact align-
ment monitoring, like an intelligent end-effector, offers a
promising solution to enhance robots’ environmental aware-
ness, particularly in exploring unknown surface constraints
such as curvatures. While visual perception enables robots
to perceive environmental details without touching, tactile
sensors provide unique insights into force and moments not
discernible through vision alone [13], [14]. However, chal-
lenges arise when irregularities occur outside the camera’s

2243



field of view, i.e., the camera’s view is blocked in the contact
point or when tactile sensors fail to sense forces and moments
due to the point contact or even loss of contact. In other
words, different contact shapes dictate the sensing modality
for perceiving environmental features. Thus, unifying visual
and tactile sensors to monitor the contact alignment between
the tool and surface presents a more comprehensive solution
involving various contact shapes in real-world applications.
Approaches in robotics that synergise visual perception and
tactile sensing vary, focusing on enhancing grasp stability,
evaluating object shapes, or executing manipulation tasks
based on predefined structures such as manipulation graphs
or computer-aided design models [15]-[19]. Despite ad-
vancements in visuo-tactile capabilities, using those methods
in environment exploration is mainly limited in 2D for
specific contact shapes, persisting in a gap between current
robotic capabilities and real-world application demands [20]—
[22].

This paper aims to bridge the disparity between the
existing abilities of robots and the requirements posed by
real-world scenarios, proposing a novel approach towards
developing simple yet effective and intuitive robotic skill
programming that does not necessitate specialized control ex-
pertise for application: visuo-tactile exploration of unknown
rigid 3D curvatures through vision-augmented unified force-
impedance control (VA-UFIC). By seamlessly integrating
tactile and vision data to span various contact shapes between
the tool and the environment, we develop a robust online
contact alignment monitoring system, considering factors,
e.g., tactile error, local surface curvature, and surface orienta-
tion. This information is seamlessly integrated into a vision-
augmented unified force-impedance control framework, en-
abling the adjustment of robot stiffness and force regulation
while exploring unknown rigid 3D curvatures. Visuo-tactile
exploration is the next step to completing a force-motion
planning framework that outputs an object-centric force-
motion profile for an arbitrary tactile skill policy.

The contributions of this work include:

I The introduction of online contact alignment monitoring
to include various contact shapes between the tool and
the environment: combining tactile error, the contact
surface’s local curvature, and surface orientation derived
from tactile and vision data.

IT Visuo-tactile exploration of unknown rigid 3D curva-
tures: integration of contact alignment monitoring into
vision-augmented unified force-impedance control to
adapt the robot’s stiffness and regulate the force profile.

IIT Implementing virtual energy tanks to ensure system
passivity and stability.

IV Evaluation of the proposed method’s performance re-
garding contact alignment monitoring accuracy, real-
time feedback latency, computational efficiency, and
control performance using a Franka Emika research
robot wiping challenging curvatures.

The remainder of the paper is organized as follows. Section II
presents the methodology, including visuo-tactile exploration
of unknown rigid 3D curvatures through contact align-
ment monitoring using tactile data and vision. Additionally,
it covers the passivity-based stability analysis for vision-
augmented unified force-impedance control and the imple-
mentation of virtual energy tanks for stabilizing the system

with variable stiffness and force regulation. The experimental
protocol and corresponding results are detailed in Sections III
and IV, respectively. Finally, Section V provides the paper’s
conclusion.

II. METHODOLOGY

The methodology begins with designing and implementing
unified force-impedance control, a well-established technique
governing the robot’s response to external forces while
ensuring high compliance. This control framework integrates
motion and force profiles to facilitate precise environmen-
tal interaction. Next, we explore the integration of tactile
and vision inputs for contact alignment monitoring. This
involves developing algorithms to interpret tactile data and
vision cues to comprehensively understand the environment’s
geometry, e.g., curvatures. Using this sensory information
as a foundation, we propose a visuo-tactile exploration of
unknown rigid 3D curvatures by vision-augmented unified
force-impedance control (VA-UFIC). This framework allows
the robot to dynamically adjust its posture and modify
stiffness, motion, and force policies to effectively respond
to local faults during interactions with challenging surfaces.
A thorough passivity-based stability analysis is conducted to
ensure stability, identifying potential instabilities arising from
variations in stiffness and force regulations. Additionally,
we integrate virtual energy tanks into the control system
to provide stability guarantees, particularly in the face of
dynamic changes.

A. Control Design

For an n-DOF robot manipulator under unified force-
impedance control during contact with gravity compensation,
the Lagrangian dynamics is

M(q)d+C(q.4)qd+ 9(q) = Tc + Text , (1)
Te=Ti+7+75, (2

where 7ot € R" represents the external torque exerted
on the robot, while M(q) € R"™™ denotes the robot
mass matrix, C(q,q)g € R" signifies the Coriolis and
centrifugal vector, and g € R" stands for the gravity vector
in joint space. Additionally, 7. € R" represents the control
torque applied by the robot, which encompasses the torque
command for controlling motion and force explicitly and
separately, with 7, € R" representing gravity compensation.
Moreover, 73 and 7r € R" denote torques individually
introduced by impedance and force control, respectively.
Subsequently, we develop a control algorithm for the input
torque T, to execute the desired tactile manipulation skill.
This proposed control law for adaptive tactile skills ex-
tends from unified force-impedance control [5], [23]. Unified
force-impedance control governs the robot’s response to
external forces, ensuring compliance while following motion
and force profiles separately and explicitly. Starting with the
robot’s dynamics equation in Cartesian space

Mci@ + Cczx + gc = fe + fext s 3)
where
Mc = J*TMJ?# 4)
Ce=J*TCJ#, (5)
gc=J%"g. (6)
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The external wrench to the base frame is denoted as fox; €
RS, The robot mass matrix is represented as Mc(q), where
q is the joint configuration. The Coriolis and centrifugal
effects are captured by Cc(q,q) € R*S, and gc de-
notes the gravity vector in Cartesian space. Additionally,
fc represents the wrench applied by the robot, which is
related to the joint control torque 7. € R"™ through the
relationship 7. = J7T(q)f., where J € ROS*" is the
robot Jacobian matrix, and J# is the pseudo-inverse of the
Jacobian. Compliance control, a subset of impedance control,
omits inertia shaping and consequently excludes feedback of
external forces. The compliance behavior is characterized
by a time-varying stiffness matrix Kc(t) € RS6*6 and
damping behavior determined by a positive definite matrix
D¢ € R5%6. Moreover, € RS denotes the current pose
of the end-effector in the base frame, and the pose error
is denoted by @. A conventional compliance controller for
motion tracking can be formulated as

T=x—xq, )
fi=—Kc(t)z — Dcz, ®)
n=J"f. 9

The force control is established to maintain the target
contact force in the task space fg° 6 RS, exerted by the
robot concerning the external force fiy, € RG as follows:

= J(q)" fr, (10)
[R2]3x3  Osxs -
fi=| 4K o
: 033 [R,]3x3 (f pdext
/ £, do), (11)
cxt (‘:Sxt d ) (12)

In this context, ff € RS represents a feed-forward and
feedback force controller in the base frame, which has been
rotated by RY,. The proportional-integral (PI) controller
gains are defined by the diagonal matrices K, and K; €
R6%6_ The resultant control torque without the gravity com-
pensation for unified force-impedance control 7 € R is

T=Tr+T;. (13)

Next, we introduce contact alignment monitoring based on
visual and tactile data to explore unknown rigid 3D curva-
tures for an arbitrary force-motion policy in the end-effector
frame. This rich sensory information is augmented to unified
force-impedance control so that the control parameters, such
as stiffness and contact force shaping function, are decided.
Thus, the robot can maintain contact with the current surface
geometry and orientation.

B. Visuo-Tactile Exploration of Unknown Rigid 3D Cur-
vatures by VA-UFIC

To guarantee a successful execution of the desired skill
and to understand the environment comprehensively, we
monitor the contact alignment that utilizes tactile and visual
perception. Based on this rich sensory information, we enable
the robot to adjust posture, stiffness, motion, and force policy
for local fault recovery during interactions with challenging
surfaces at the low-level control.

The visual perception algorithm operates through two
concurrent threads: (i) data collection and pre-processing
and (ii) surface normal estimation. Initially, depth images
are transformed into point clouds for use within the Point
Cloud Library [24]. RGB and depth images are acquired
from the video stream, precisely aligned, and converted into
a 3D point cloud. Subsequently, a surface normal estimation
method is applied based on the acquired point cloud data to
predict contact surface orientation. Inspired by Westfechtel et
al. [25], the region growing method clusters the surface nor-
mals within similar orientations to segment the point clouds.
Principal Component Analysis (PCA) is then employed on
the clustered segments to determine their orientation.

The eigenvectors of the covariance matrix Xgy3 =
[e1; e2;nE], representing the PCA output, characterize a
segment’s primary directions. Here, n¢ € R3*3 denotes the
surface normal of the segment in the camera frame, which
represents the direction of a surface segment, while e; and e2
represent the long and short edges, respectively. Furthermore,
the local curvature [ of the working surface can be computed
using Equation (16), where \; ,¢ = 1,2, 3 are the eigenvalues
of the covariance matrix X obtained through PCA.

n=[001" (14)

0 = |cos™H(nTn)|, (15)
— >\3

(D) ‘ (16)

The end-effector orientation error 6, representing the devia-
tion in surface normal between m: captured by the camera
and the z-axis of the camera (aligned with z-axis of the end-
effector), can be determined using the acos function in (15).
Undesired contacts lead to deviations from the desired pose,
manifesting as either a pose error £°° € R® or external
forces f2¢, € RS at the end-effector. In real-time, contact
alignment monitoring accumulates all the error terms and
their corresponding signal strengths as presented in (17).
Simultaneously, the signal strengths for the tactile error,
surface normal deviation, and local curvature term, denoted
as «, &, and ~ respectively, contribute to the adaptive process
and decide how agile the robot reacts to them. In (18), the
contact alignment monitoring C is employed to calculate a
normalized coefficient h.

= la] £S5 &%) + €0 + 7| (17)
C

h=1—- —. 18

o (18)

The contact alignment margin C,, is crucial for compen-
sating for minor environmental effects, such as surface fric-
tion and measurement inaccuracy, and, notably, employing
position rather than velocity or acceleration results in a less
noisy signal. The normalized metric & is subsequently linked
to the maximum stiffness level at the end-effector frame
K ax ¢ through paign and it is rotated back to the base
frame by the rotation matrix RC.. This inherent behavior
is leveraged to robustly respond to undesired contacts and
reconfigure the end-effector through adaptive adjustments to
the stiffness matrix in the translational directions K¢ .
KCC

KC,t = palignR max, tR(e)g . (19)
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The alignment parameter pajign is extended based on stud-
ies [5], [26], as outlined in (20).

min{p,0},  palign = 1
Palign = § P 0 < patign < 1, palign(0) =0,
max{p,0}, palign =0
(20)
and p is given by
p = hpatign + Pmin - 2D

It’s important to note that, to ensure an initial increment when
Palign = 0, a small positive constant pp,i, is introduced into
the dynamics of the shaping function. When the robot is
entirely compliant, meaning pajign €quals zero, it becomes
capable of adapting to the environment. This implies that
the translational component of the actual end-effector pose
Toet € R3 is fed back to the controller as the desired trans-
lational pose x4 s. Subsequently, we calculate the rotation of
the end-effector Ree 4 € R¥3 (o0 adapt to the environment.
Upon detecting a s1gn1ﬁcant deviation from the intended
contact alignment between the robotic tool and the surface,
often resulting from abrupt changes in the contact, the robot
becomes compliant in translational directions. Afterward, it
realigns itself with the detected surface normal in the camera
frame, denoted as n¢, and regenerates the motion and force
policy. This process necessitates the knowledge of the desired
end-effector orientation Ree @ which can be computed from
the detected surface normal n2S. The contact surface normal
is initially transformed from the camera frame to the end-
effector frame, then to the robot base frame using (22). RZ®
represents the rotation matrix that transfers from the camera
frame to the end-effector frame. Similarly, RS denotes the
rotation matrix that transfers from the camera frame to the
robot base frame. Subsequently, the surface normal n? in
the base frame contributes to the construction of the desired
orientation matrix RY, .a through the following steps: i.) read
the current orlentanon of the end-effector and extract the first
column r; ii.) project ry onto the orthogonal plane of the
surface normal, as per (25); iii.) calculate the second column
Ty through the cross product of the projected 7' and surface
normal n?; iv.) assemble these three distinct components into
the desued rotational matrix R?

ee,d*
R? = RO R, n? = R'n¢, (22)
RY, = [[rulsx1 [rylsxi [ralsxi] (23)
), =mn, (24)
r; =7y (rgng)ng , (25)
=1, X T, (26)
R, = [[rdsx1 [mylaxt [rolsxa) - 27)

To ensure that the input signal provided to the robot is
smooth and continuous, a low-pass filter is implemented,
facilitating the gradual transition of the signal R _ . from
the initial rotation R ., to the desired rotation RY. ;. The
scaling coefficient ¢ falls within the range of 0 to 1, and T
represents the time interval governing the convergence of the
low-pass filter. Specifically, at t = 0, signifying the initiation
of contact alignment, the output is the original rotation

RY ... Conversely, when t = T, indicating the completion of
convergence, the input rotation to the robot becomes R .

g_ 0<t<T, (28)

(RO demt) R?mt (29)

Furthermore, we formulate the force shaping function pg.
This function facilitates the alignment of the commanded
force to compensate for tool alignment errors and mitigate
the undesired loss of contacts. The robot accommodates the
tool alignment error f5°T&°° during contact loss within the
error margin J. > 0. Additionally, in cases where the robot
loses surface contact due to a substantial tool alignment error,
it transitions to impedance control, adhering solely to the
desired motion.

1 , feeT:Eee < 0
0.5(1+ cos((2))), 0 < f5eTaA
0 <2 <4

0, otherwise.

RO

input —

Ptfrc = (30)

Tt = pred L fr . (31)

Finally, after calculating the orientation matrix, the desired
trajectory and force policy can be adapted accordingly in the
base frame. However, stiffness variation in the impedance
controller and, in case of loss of contact, the force controller
may jeopardize the controller’s stability, resulting in unsafe
behaviour [27]. To address it, the virtual energy tanks are
used for variable stiffness and force regulation to ensure the
system’s passivity and stability.

C. Passivity-Based Stability Analysis and Installing Vir-
tual Energy Tanks

Virtual energy tanks are integrated to guarantee stability
by identifying potential instabilities arising from stiffness
variations and force regulations to ensure stability even
amidst dynamic changes [28], [29]. To show the passivity,
the storage function S; for the Cartesian robot dynamics that
represents the kinetic energy of the robot is

1
S, = §:bTMcib,

where the time derivative of the storage function S, is
S = &1 (f + foxr) or So =G (T + 7o),  (33)

which we can say that it is passive for the pair (7 + Text, G)-
Identifying potential instabilities arising from stiffness varia-
tions and force regulations, we split the problem of analyzing
the stability of robot dynamics into two cases: without
contact (Case I) and during contact (Case II).

1) Case I: Stability analysis without any contact: When
there is no contact, the stiffness K¢ remains constant. Thus,
only the force controller may cause instability. The stability
of the force controller can be assessed using the subsequent
storage function St

(32)

1

Sp = 3 T K@, (34)
Sr =" Ko, (35)
=a"(—f+ fi — Dc). (36)
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Due to the pair of (ff, ), the force controller should be
modified to guarantee stability by augmenting a virtual
energy tank such that

f = —Dcx — KCj:“V‘)\ff + ff,var-

To indicate if the force controller fr is passive, A is used
such that

(37

1, ii:Tff <0,

A:{
0,

Moreover, ftvar is the modification in the controller regu-
lated by the tank. Being the tank’s energy is S ¢, we design
its dynamics & r as

(38)
else

#T Doz — &7 f;

Te g = A\ " + U g, (39)
t,
Yt,f = Tt f, (40)
1
Sue = 5iss (41)

where ¢, uy s, and y ¢ are the tank’s state, input, and
out variable, respectively. The tank is interconnected to the
controllers through the power-preserving Dirac structure

.ff,var o 0 wf T
)L Sl
_o(Se)(X =N fe
Wwf = —"7""""—"".

Yt f

The design parameter wy is a modulating factor that controls
the power transmission between the tank and the controller
with the valve o(S; ) is

S € 0,1, S >§ i)
J(St,f):{a( t,f) ( ] t,f t,f

(42)

(43)

44
0, else 9

The controller can regulate force if the tank is not depleted.
Note that, to avoid singularities, we set a lower limit §t,f
for the energy threshold in the tank. Additionally, to ensure
the tank is not overloaded, a specific upper-limit S ¢ for the
tank is introduced:

ke €[0,1], Spe < Sef,
B =

45
0, else )

where a smooth transition behavior x¢ is embedded. Using
Sftvar = wrYe s, the passivity of the subsystem S involv-
ing the tank and the controller with the combined storage
function Syyeran

Soverall =S¢ +Sr, Sc =5t + Sir, (46)
Soverall = Se + S , (47)
=—2'f+ (1 - Bp)a” fi—
(1= A8)&" Do + &7 (f + foxt) (48)
= ¢ 1o — (1 = N3e)gT I D+ (49)
M1 = B)gT . (50)

The modified unified force-impedance control ensures stabil-
ity in case of loss of contact:

f=-Dct — Kc@ + prec(A+0(See) (L= N)fe. (51)

2) Case II: Stability analysis during contact : Contact
means that while the robot can move in k-dimensions, the
motion is constrained in the rest 6 — k& dimensions. Thus, the
force controller during contact does not jeopardize stability,
as the components of & in the force control direction is zero
2T f = 0. However, stiffness variation in the impedance
controller during contact may cause instability. Next, we
present the stability analysis and the virtual energy tank
for the impedance controller. To assess the passivity of
this controller, we examine the storage function, which is
regarded as the corresponding spring potential Sj

1

S; = 3 tT Ko, (52)
. 1 .
S =T Kea + §:iTKCj, (53)
1 .
=—aTfi—a&TDcx + 2T Ko . (54)

2

Passivity with respect to the pair ( fi, &) cannot be guaranteed
due to the term of %:ETK . Therefore, we modify the
impedance controller f; by adding a control term fi var
regulated by the energy tank

.fi = _Kconst:i: - Dcﬁﬂ + fi,var )
KC = Kconst + Kvar(t) P

(55)
(56)

where the stiffness matrix has constant K ,,st, Which can
also be zero, and time-varying parts Ky, (t) = palign Kmax-
Energy tank state xy ;, its dynamics &y ;, and the tank energy
S are

T D&
Tri = Bi + Ui, (57)
Tt,i
Yo,i = Ty i, (58)
1
Sei = 5o (59)

where u ; and y ; are input and output variable, respectively.
To ensure the tank is not overloaded, a specific upper-limit
St for the tank is introduced with a smooth transition
behavior x;

ki € 10, 1], Si<§j,
= Ot S s (60)
0, else

The Dirac structure for the ports implies the passivity of the

system:
.fi,var 0 Wi T
Ut i —wiT 0 Yt,i ’

wi = _U(Sm)K\,ar(t)aE . 62)
Yt,i
The design parameter w; is a modulating factor that controls
the power transmission between the tank and the impedance
controller with the valve o (S, ;)

O'(St’i) _ {U(St,i) S (O, 1],

)

(61)

St,i > ﬁt’i )

else

(63)

This indicates that the controller can adjust stiffness if the
tank has not been depleted. To prevent singularities, we
establish a lower limit, denoted as S, ;, for the energy
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threshold in the tank. Furthermore, ensuring the passivity of
subsystem S, which comprises the tank and the controller, is
achieved by combining the storage function in the following:

1 1
Sc = §jTI{const(E + Exai 5 (64)
Sc = deconsti + i’t,ixt,i . (65)

USing fiﬂar = Wilk,i
Se=—a&T fi — " Do + &7 wiy i+ (66)
BizT Doz — wldw, (67)
=—¢"'n—(1-pB)&" Dca. (68)

The total storage function Soveran and its time derivative
Soverall are

Soverall = SC + Sr ) Soverall = Sc + Sr ) (69)
Sovemll = —QTT - (1 - Bi)djTDCdj + qT(T + Text) )

(70)

=q" T — (L= )" J ' Do (71)

Finally, the modified unified-impedance control ensures sta-
bility during contact and no-contact:
.f = —Keonst T — -DCm - U(St,i)palignKmax:i+
pre(A+0(See)(1 = A)) fi -
Next, the validation scenarios and relevant performance met-

rics for the exemplary tactile skill to explore the curvatures
are discussed.

(72)
(73)

III. EXPERIMENTAL VALIDATION

To assess our framework’s visuo-tactile exploration and
control performance for exploring an unknown rigid curva-
ture, we conduct experiments using a Franka Emika robot
to perform a wiping policy. We employ an Intel RealSense
D435i camera (Intel Corp., USA) to capture environmental
information. The camera is positioned at the robot’s flange to
minimize body occlusion, and its axis aligns with the z-axis
of the end-effector frame during execution. This alignment
simplifies the transformation from the task frame to the base
frame, enhancing the accuracy of surface normal estimation.
The visual pipeline and the robot’s master controller run on
a mini-ITX PC (HP Z2 Mini G5 Workstation with Intel i7-
10700t). The contact surface is 3D-printed with dimensions
of 0.26 x 0.51 x h, where h = 0.02 sin(-%sy + 0.44) + 0.02
m.

The experimental procedure evaluates the accuracy of
contact alignment monitoring, real-time feedback latency,
computational efficiency, and control performance while
exploring the unknown 3D rigid curvature for an arbitrarily
given wiping policy.

T
0.19

A. Experimental Procedure
During wiping, we conduct experiments for visuo-tactile
exploration of the unknown, challenging curved surface. The
arbitrary wiping tactile policy used during the exploration is
4 =1[0,0,15,0,0,0],
xg® = [0.04sin(2t), 0.04(cos(2t) — 1) — 0.005¢, 0, 0,0, 0],

where t is the time parameter. Moreover, Table I shows other
parameters designed for the experiments.

TABLE I: Parameters used in the experiments.

Parameter Unit Value
Kmax N/m | diag[1000,1000,10,200,200,200]
damping coefficient - diag[0.7,0.7,0.7,1,1,1]
'm - 0.9
a €,y - 1,0.08, 10
p, K - 0.6I6x6, 0.3I6x6
dc m 0.04
Pmin - 0.001
Ihi (0) - 7
St J 32
5.4 I I
th(O) - 2
St r J 2
Si¢ J 1

First, the robot starts without contacting and aligning to
the surface. The expected behavior is that the robot aligns
itself, establishes contact, and explores the curvatures while
presenting passive and accurate force-motion tracking.

B. Performance Metrics

Performance metrics employed for validation include i.)
contact alignment monitoring accuracy, ii.) real-time feed-
back latency, iii.) computational efficiency, and iv.) control
performance. Contact alignment monitoring accuracy mea-
sures the precision of exploring the surface being wiped.
Real-time feedback latency quantifies the time delay between
sensing contact with the surface and adjusting the robot’s
motion or force. Computational efficiency measures the
processing rate achieved by the visual pipeline, considering
factors such as frame rate and latency. Control performance
encompasses quantifying the accuracy and precision of the
robot’s movements during the wiping task, measuring devi-
ations from the desired wiping trajectory or force profile to
assess control robustness, and evaluating control performance
metrics such as root mean square and absolute mean error in
tracking. Force control precision considers the uniformity of
pressure applied during wiping, ensuring consistent cleaning
or polishing without damaging delicate surfaces. It entails
measuring the deviation between the desired and actual
force exerted on the surface and assessing force control
performance using root mean square error and absolute mean
error.

IV. RESULTS AND DISCUSSION

Our experimental results offer quantitative assessments
across multiple performance metrics, confirming the effec-
tiveness of our framework in exploring a surface commanded
by an arbitrary tactile skill despite unknown physical con-
straints. We achieve a high accuracy rate in detecting the
contact alignment between the robot end-effector and the
surface during the exploration using the wiping task. This
precision ensures reliable interaction and practical surface
exploration, as depicted in Fig. 2 and Fig. 3.

Minimal latency ensures swift and adaptive behavior dur-
ing the wiping task, enhancing overall efficiency. The vision
pipeline, including pre-processing and feature extraction,
achieves an average frame rate of 3 frames per second (FPS)
with a loop cycle of 300ms. Even though 300 ms might
be considered high performance for vision processed by
a standard computer, these values could be improved for
better real-time perception and decision-making capabilities,
essential for dynamic interaction with the environment. Ad-
ditionally, the tactile perception runs at 1000 Hz, provided
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Fig. 2: Visuo-Tactile Exploration of an Unknown Rigid 3D
Curvature. The robot’s actual trajectory along the y- and z-
direction in the base frame is compared to the model of the contact
surface.

by the robot’s internal proprioceptive measurement. Briefly,
due to the difference between the loop cycles of the two
modalities, vision can be considered a spatial component
in the contact monitor alignment. In contrast, the tactile
sensor acts as a temporal modality. Overall, the robot finishes
exploring the curvature in 20s.

Accuracy in monitoring the contact alignment and explo-
ration performance is assessed by comparing the robot’s ac-
tual trajectory to the model of the contact surface, as depicted
in Fig. 2. The robot is commanded only with an arbitrary
force-motion policy without modeling the environment. The
robot effectively explores the surface while maintaining the
desired contact force.

The robot starts without alignment or contact, as illus-
trated in Fig. 3.a, where p,jig, initially decreases and then
progressively increases over 0-5 s. Subsequently, it fluctuates
between O - 1 whenever the contact alignment changes.
prrc decreases, particularly when the robot moves down the
surface due to the margin J.. However, the robot adjusts
its posture to align with the contact when pajign is zero.
Consequently, the force controller is reactivated with the
updated end-effector pose, increasing pg. to one such as at
approximately around 7s.

Quantitative analysis of control performance metrics re-
veals the absolute mean error of 9mm, 8 mm, and 4 mm
in the desired wiping trajectory along the x-, y-, and z-
axes, respectively (see Fig. 3.b). The corresponding root
mean square errors are approximately 10 mm, 10 mm, and
6 mm. Further quantitative evaluation of the uniformity of
pressure applied during visuo-tactile exploration is depicted
in Fig. 3.c, illustrating a mean absolute deviation of app.
2N between the desired force of 15N shaped by psc
and the actual force exerted on the surface about the z-
direction in the end-effector frame. Furthermore, the root
mean square error in force control performance is app. 3 N.
Additionally, the contact surface has high friction, as seen
from the forces about the other directions, which fluctuates
up to the magnitude of 10 N. Furthermore, Fig. 3.d illustrates
that the energy tanks remain within their designated limits.
Specifically, S ; remains below 32J and decreases due to
large movements on a surface with friction. Additionally,
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Fig. 3: Performance Metrics Results for Visuo-Tactile Explo-
ration during Wiping. a) Controller shaping functions, b) Desired
vs. actual motion in the base frame, c) Desired force of 15 N shaped
by the function pgc vs. measured force in the end effector frame,
d) Tank energies.

St¢ remains constant at 2.J without overloading the tank.
This indicates the robot’s and its surroundings’ safety during
contact alignment and visuo-tactile exploration.

The authors would like to mention that further study
should focus on deciding C,,, instead of fine-tuning the cur-
rent surface material properties, such as friction and rigidity.
Overall, the quantitative evaluations confirm the effectiveness
and practicality of our framework for automated visuo-
tactile exploration of unknown rigid 3D curvatures handled
at the robot’s low-level control. The accuracy, precision,
latency, and computational efficiency presented demonstrate
our method’s potential for increasing robotic deployment
in manufacturing automation and other industries requiring
intricate robotic interaction processes.

V. CONCLUSION

In conclusion, this paper aims to bridge the gap between
current robotic capabilities and the demands of real-world
applications by simple yet effective and intuitive robotic
skill programming for arbitrarily given tactile policy without
requiring specialized expertise that integrates visuo-tactile
exploration of unknown rigid 3D curvatures by vision-
augmented unified force-impedance control. Combining tac-
tile and vision data, we formulate a robust online contact
alignment monitoring system that considers tactile error,
local surface curvature, and surface orientation. This in-
formation is seamlessly integrated into a vision-augmented
unified force-impedance control framework, allowing for ad-
justing robot stiffness and regulation of force while exploring
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the curvatures. Virtual energy tanks ensure system passivity
and stability throughout the visuo-tactile exploration of the
unknown rigid 3D curvatures.

Experimental validation with a Franka Emika research
robot executing wiping tasks on challenging surfaces con-
firms the efficacy of our approach in achieving precise
and passive visuo-tactile exploration. Comprehensive per-
formance metrics are used for validation, including con-
tact alignment monitoring accuracy, real-time feedback la-
tency, computational efficiency, and control performance.
These metrics provide quantitative insights into our proposed
method’s precision, uniformity, speed, and effectiveness, en-
suring its practical applicability in real-world manufacturing
scenarios. As a limitation, highly irregular curvatures are
excluded from the study scope due to potential challenges
for both sensors in accurately measuring surface properties.
Additionally, in the current implementation, the camera can
observe only the current region of interest without predicting
forthcoming curvatures, a research opportunity to address
in the future. Future work will investigate planning the
force-motion policy for the explored curvatures toward a
complete solution for generating the object-centric tactile
policy for arbitrarily given policies, helping increase the
robot deployment in real-world manufacturing tasks.
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