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ABSTRACT This paper presents an operational-space framework for regulating contact forces on geomet-
rically unknown surfaces by integrating online surface-normal estimation with hybrid motion–force control
via task-space admittance. Cartesian motion is decomposed into normal and tangential components defined
with respect to an estimated local surface frame. Surface normals are computed using a combination of
force–velocity-based estimation with friction compensation, local quadratic surface fitting, and a regression-
based prediction method.
The estimated normal is used to define the force-control direction and to align the end-effector orientation
during contact. The approach is validated in simulation on a cylindrical surface and experimentally on a UR5
manipulator equipped with a wrist-mounted force/torque sensor. Results demonstrate sub-3◦ mean angular
error under ideal conditions and consistent reductions in angular misalignment and RMSE when geometric
and regression-based refinements are incorporated, while maintaining stable force tracking. The proposed
framework enables robust surface interaction for contact-intensive tasks such as robotic swabbing.

INDEX TERMS Admittance control, Contact-rich manipulation, Gaussian process regression, Hybrid
motion–force control, Quadratic surface fitting, Surface normal estimation, Robotic swabbing.

I. INTRODUCTION
Robotic manipulation in contact-rich environments requires
tight coupling between geometric estimation and force regu-
lation. Among the geometric quantities involved in physical
interaction, the surface normal is particularly critical, as it
directly determines tool orientation, the direction of applied
contact forces, and ultimately task success. Accurate and
timely estimation of surface normals enables robots to interact
safely and effectively with surfaces of unknown or vary-
ing geometry in applications ranging from industrial surface
processing and precision assembly to medical and service
robotics.

In contact-intensive tasks such as polishing, grinding, debur-
ring, and assembly, maintaining a prescribed normal force
while following surface contours is essential for achieving
consistent process quality (e.g., see Figure1). Purely position-
based control strategies are ill-suited to these scenarios,

as they cannot accommodate geometric uncertainty, surface
compliance, or unmodeled contact dynamics. These limita-
tionsmotivated the development of hybrid position/force con-
trol frameworks, which explicitly decompose the task space
intomotion-controlled and force-controlled directions [1]. By
regulating motion along an unconstrained tangential direction
while enforcing force constraints along a contact normal
direction, hybrid controllers provide a solution for managing
the dual objectives of geometric tracking and force regulation.

The effectiveness of hybrid position/force control is closely
tied to the availability of reliable surface normal information.
In practice, estimating surface normals during dynamic con-
tact remains challenging due to sensor noise, highly variable
frictional effects, tool compliance, and computational delays
[2], [3]. Recent advances in force-based observers, adaptive
estimation techniques, and learning-based approaches have
shown promise in addressing these challenges, enabling on-
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FIGURE 1: Sample retrieval trial using a robotic mobile
manipulator equipped with a swabbing tool for radiological
contamination monitoring (Source: Robotics & AI Collabo-
ration/UKAEA)

line normal estimation without requiring explicit geometric
models of the environment [4], [5]. These developments have
expanded the applicability of hybrid control to unstructured
and variable environments.

Operational space control provides a natural framework for
integrating geometric estimation and force regulation, as it
formulates control objectives directly in task-relevant Carte-
sian coordinates. Within this paradigm, admittance control is
particularly attractive for contact tasks, as it maps measured
interaction forces to commanded motion, thereby yielding
compliant behavior that can be specified explicitly in task
space [6]. Operational space admittance control is well suited
to surface-following applications, where compliance must be
defined relative to the surface normal and tangential direc-
tions. Moreover, adaptive admittance strategies can accom-
modate variations in contact stiffness and surface geometry
encountered during task execution [7].

Despite substantial progress in surface normal estimation, hy-
brid position/force control, and operational space admittance
control as largely independent research areas, relatively few
studies have presented unified frameworks that integrate these
components into a cohesive system with validated perfor-
mance and stability considerations. Existing works typically
focus on individual aspects—such as observer design for nor-
mal estimation, hybrid control structures for specific tasks, or
admittance schemes for compliant interaction—without fully
addressing their mutual coupling in real-time operation [8],
[9]. As a result, important questions remain regarding robust-
ness, stability, speed, and practical deployment in complex
contact scenarios.

This article addresses this gap by presenting an integrated
framework that combines online surface normal estimation
with a hybrid position/force controller implemented in opera-
tional space using admittance control. The proposed approach

enables robots to perform contact-rich tasks on surfaces of un-
known or varying geometry by: (i) estimating surface normals
online from force/torque sensing and kinematic information;
(ii) decomposing the task into tangential position control
and normal force control through a hybrid formulation; and
(iii) implementing the force-controlled subspace via an op-
erational space admittance controller that ensures compliant
and stable interaction. The overall architecture is designed
for real-time implementation and robust performance under
geometric and dynamic uncertainties.

II. RELATED WORK
A. SURFACE NORMAL ESTIMATION
Force/torque sensing at the end-effector provides direct in-
formation about contact interactions and has been widely ex-
ploited for geometric estimation. Sloth et al. [2] proposed an
unknown-input observer that estimates both the contact point
and surface normal using force/torque measurements, explic-
itly accounting for tool flexibility. Their method was vali-
dated in simulation and experiments, demonstrating improved
tracking performance when integrated with adaptive parallel
position/force control. Similarly, Li et al. [4] demonstrated
real-time normal force regulation in surface processing tasks
using a hierarchical macro–mini robotic system, achieving ro-
bust performance without relying on prior geometric models
of the workpiece.

Online normal estimation has also been incorporated directly
into hybrid control frameworks. Dimeas and Doulgeri [1] in-
troduced a progressive automation approach in which surface
normals are estimated online to adapt the force direction of a
hybrid controller for planar periodic tasks. Their framework
enables rapid adaptation to rotated or misaligned surfaces and
supports a transition from human-guided demonstrations to
autonomous execution.

Hybrid force–motion estimation strategies further exploit the
coupling between commanded motion and measured forces.
Nasiri and Wang [8] estimated surface normals using force
measurements and velocity information while compensating
for friction-induced biases common in manufacturing en-
vironments. Their approach was implemented on a seven-
degree-of-freedom manipulator and demonstrated real-time
performance in surface-following tasks with uncertain geom-
etry.

Learning-based approaches have recently gained attention as
flexible alternatives to purely model-based estimators. Xu et
al. [5] proposed a neural network model that predicts local
surface orientation to adapt end-effector alignment during
polishing operations. Experimental results on curved com-
ponents showed low angular estimation errors and improved
surface quality. While learning-based methods offer adapt-
ability to complex geometries, their integration with control
architectures raises questions regarding interpretability, gen-
eralization, and stability.
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Overall, real-time surface normal estimation remains chal-
lenging due to sensor noise, friction effects, tool compli-
ance, and computational constraints [2], [8]. Recent trends
emphasize hybrid approaches that combine physics-based
observers with data-driven components to balance robustness
and adaptability [5], [10].

B. HYBRID POSITION/FORCE CONTROL
Hybrid position/force control has long served as a foun-
dational paradigm for robotic interaction with the environ-
ment. Classical formulations decompose the task space into
position-controlled and force-controlled subspaces using se-
lection matrices, enabling simultaneous regulation of motion
and contact forces [11]. This structure aligns naturally with
contact tasks in which tangential directions require precise
motion control while normal directions demand force regula-
tion.

Hybrid position/force control has been applied across a wide
range of domains. In medical robotics, Jaroonsorn et al.
[12] employed hybrid control to ensure accurate position-
ing and safe contact forces during robot-assisted transcranial
magnetic stimulation. In manufacturing, hybrid force–motion
frameworks with online geometric estimation enable robust
surface-following and contact tracing under geometric un-
certainty [8]. Assembly tasks, such as peg-in-hole insertion,
benefit from force/motion tracking methods that estimate
contact geometry to support precise alignment [13].

Despite these advances, challenges remain in guaranteeing
stability during mode transitions, managing sensor noise and
model uncertainty, and integrating hybrid control with higher-
level planning and perception systems [2], [6].

Operational space (task space) control provides a framework
for expressing robot dynamics and control objectives directly
in task-relevant coordinates, simplifying the specification of
desired behaviors for manipulation tasks.

C. OPERATIONAL SPACE AND ADMITTANCE CONTROL
Compliance in operational space is commonly achieved
through impedance or admittance control. Impedance control
maps motion errors to interaction forces, whereas admittance
control maps measured forces to commanded motion [14],
[15]. Admittance control is especially suitable for robots
with high-bandwidth position or velocity control, as it allows
compliant behavior to be implemented on top of an inner
control loop.

Task-space admittance controllers enable explicit specifica-
tion of compliance along normal and tangential directions,
making them well suited for surface-following and force-
maintenance tasks. Hierarchical formulations based on HQP
integrate admittance behaviors with task prioritization and
secondary objectives, such as joint limit avoidance or redun-
dancy resolution [6]. Adaptive admittance strategies further
adjust compliance parameters online to cope with varying
contact dynamics and environmental uncertainty [7].

Stability remains a central concern in admittance control, par-
ticularly under varying contact stiffness, sensing delays, and
uncertain geometry [16], [17]. Passivity-based design prin-
ciples and conservative parameter selection are commonly
employed to preserve stability margins [18]. Recent studies
have explored energy-based and passivity-enforcing methods
to ensure stable interaction across a wide range of environ-
ments [19].

D. INTEGRATION OF ESTIMATION AND CONTROL
Several recent works have demonstrated partial integration of
surface normal estimation with hybrid or admittance control.
Nasiri and Wang [8] combined real-time normal estimation
with a hybrid force–motion controller on a redundant ma-
nipulator, validating the approach in manufacturing tasks. Xu
et al. [5] integrated neural network-based normal prediction
with adaptive force control for polishing curved surfaces,
achieving improved surface quality through orientation align-
ment and force regulation. For flexible tools, Sloth et al.
[2] estimated contact geometry to support adaptive parallel
position/force control.

Although these studies demonstrate the feasibility of inte-
grated estimation and control, most address only subsets of
the overall problem. In particular, few approaches provide
an end-to-end operational space admittance controller that
incorporates online surface normal estimation, hybrid task
decomposition, and explicit consideration of stability in a
single validated framework. Addressing this gap is essential
for reliable deployment of contact-rich robotic systems in
unstructured and safety-critical environments.

III. NOTATION AND PRELIMINARIES
Throughout this paper, bold lower-case letters x denote col-
umn vectors, non-bold upper-case letters X denote matrices,
and non-bold lower-case letters x denote scalar quantities.
The transpose operator is denoted by (·)⊤. The identity and
zero matrices of appropriate dimensions are denoted by I
and 0, respectively. The skew-symmetric operator mapping
a vector r ∈ R3 to its matrix form is denoted by [r]×, such
that [r]×a = r× a.

Consider an n-degree-of-freedom serial manipulator with
joint coordinates q ∈ Rn. The end-effector pose in opera-
tional space is defined as

x = [p⊤,ϕ⊤]⊤ ∈ R6,

where p ∈ R3 represents position and ϕ ∈ R3 represents
orientation.

The differential kinematics are given by

ẋ = J(q)q̇ ,

where J(q) ∈ R6×n is the geometric Jacobian.

The joint-space dynamics are described by

M(q)q̈+ C(q, q̇)q̇+ g(q) = τ + τext,
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where M(q) is the inertia matrix, C(q, q̇) captures Coriolis
and centrifugal effects, g(q) is the gravity vector, τ is the
commanded joint torque, and τext represents torques induced
by external contact.

In operational space, the dynamics can be written as

Λ(q)ẍ+ µ(q, q̇) + p(q) = F+ Fext,

where Λ =
(
JM−1J⊤

)−1
is the operational-space inertia

matrix, µ and p denote the Coriolis/centrifugal and gravity
terms mapped to task space, and Fext is the external wrench
at the end-effector.

During contact, a local surface frame {S} is defined at the
contact point. Let n ∈ R3 denote the unit surface normal and
T = [t1 t2] an orthonormal basis spanning the tangent plane.
Any Cartesian vector v ∈ R3 can be decomposed as

v = Tvt + nvn,

where vt and vn are the tangential and normal components.
This decomposition underpins the hybrid position/force con-
trol formulation.

IV. METHODOLOGY
This section presents the proposed framework, which inte-
grates online surface normal estimation with hybrid posi-
tion/force control implemented via operational space admit-
tance control. The objective is to execute a surface-following
task on an unknown or partially known surface while: (i)
tracking a desired tangential trajectory, (ii) maintaining a
specified normal contact force, and (iii) aligning the end-
effector orientation with the local surface normal.

The surface normal n is not known a priori and must be esti-
mated online from force/torque and kinematic measurements.

A. HYBRID POSITION/FORCE CONTROL VIA
OPERATIONAL SPACE ADMITTANCE
A six-axis force/torque (FT) sensor is assumed to be mounted
at the robot end-effector to measure interaction wrenches
during contact. The measured wrench is used to generate
compliant motion commands through a task-space admit-
tance controller, enabling simultaneous regulation of contact
forces and motion.

Let fr , fe ∈ R6 denote the reference and measured end-
effector wrenches, respectively, and let vf ∈ R6 denote
the desired task-space velocity generated by the admittance
controller. The admittance dynamics are defined as

fr − fe = Mav̇f + Davf , (1)

whereMa,Da ∈ R6×6 are diagonal matrices representing the
virtual inertia and damping of the admittance model. These
parameters are independently tuned for translational and ro-
tational subspaces to balance responsiveness and stability
during contact.

In practical scenarios, the FT sensor is not colocated with the
actual contact point due to tooling. Let rcs ∈ R3 denote the
position vector from the sensor frame origin to the contact
point, expressed in the sensor frame. The wrench at the con-
tact point fe is obtained from the sensor measurement fs as

fe =

[
I 0

[rcs]× I

]
fs, (2)

where [·]× denotes the skew-symmetric operator. Prior to
this transformation, gravitational and inertial effects of the
tool are compensated, and the sign of the measured wrench
is inverted to reflect the force exerted by the robot on the
environment.

At the contact point, the task objective is to maintain a con-
stant normal contact force while minimizing parasitic torques
that induce misalignment. Accordingly, the reference wrench
is defined as fr =

[
0 0 f rz 0 0 0

]⊤
, where f rz is the

desired normal force expressed in the local task frame aligned
with the estimated surface normal. Zero reference torques
about the tangential axes enforce perpendicular alignment of
the end-effector with respect to the surface.

To decouple motion and force objectives, the velocity com-
mand generated by the admittance controller is filtered
through a task selection matrix Ω = diag(0, 0, 1, 1, 1, 0),
which suppresses undesired motion components and en-
sures that only the intended force-controlled and orientation-
controlled directions influence the manipulator motion.

The desired task-space velocity is mapped to joint space using
the manipulator Jacobian J(q):

q̇r = J†(qm)vr , (3)

where J† denotes the generalized inverse of the Jacobian.
Near kinematic singularities, direct inversion may lead to
unstable joint velocities. To ensure numerical robustness and
safe operation, a damped least-squares formulation is em-
ployed J† = J⊤(JJ⊤ + λ2I)−1, with damping factor λ > 0.
This approach guarantees bounded joint velocities while pre-
serving task execution accuracy [20].

B. SURFACE NORMAL ESTIMATION
Accurate estimation of the local surface normal is a key
part of the depicted control architecture shown in Figure 2.
The estimated normal defines the force-controlled direction
vn, determines the task decomposition inside the admittance
controller, and generates the orientation correction required
to align the tool with the contacted surface along with the
admittance controller.

In the implemented framework, surface normal estimation is
performed online and updated at each control cycle. Three
complementary mechanisms are employed: (i) force–velocity
decomposition, (ii) local quadratic surface fitting, and (iii)
predictive Gaussian Process Regression (GPR).
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EnvironmentForce 
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motion cont.Surface normal
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FIGURE 2: Block diagram representation of the implemented
position–force control algorithm for a manipulator in contact
with the environment, where task-space velocity commands
are mapped to joint-space commands using a damped least-
squares pseudo-inverse of the Jacobian.

a: Reactive force–velocity decomposition
During sliding contact, the measured interaction force is de-
composed into tangential and normal components using the
instantaneous tool velocity direction as in [8]. Let f ∈ R3

denote the bias-compensated contact force at the contact point
(obtained from fe), and let v ∈ R3 denote the commanded
translational velocity component of vf .

A projection operator along the velocity direction is defined
as

Ωv = v(v⊤v)−1v⊤ .

The tangential force component is

ft = (I − Ωv)f .

Assuming Coulomb friction, the estimated friction force is

fτ = −µ̂∥ft∥
v

∥v∥
.

The reactive surface normal estimate is then

n̂s =
f − fτ
∥f − fτ∥

.

This estimate is subsequently transformed to the base frame
as n̂b = Reb n̂s, with the rotation matrix from the end-effector
frame to the base frame (Reb). The base-frame representation
is used for geometric processing and learning.

The friction coefficient µ̂ is updated online using a weighted
moving-average filter. Although this reactive estimator pro-
vides fast adaptation, it remains sensitive to measurement
noise and stick–slip phenomena.

b: Local quadratic surface fitting
To improve geometric robustness, recent contact positions
{pi}Ni=1 (expressed in the base frame via forward kinematics)
are stored in a sliding window. A second-order surface model

z = ax2 + by2 + cxy+ dx + ey+ f ,

is fitted using least-squares regression. The surface gradient
evaluated at the most recent contact point (x0, y0) is

∇z =

2ax0 + cy0 + d
2by0 + cx0 + e

−1

 ,

and the geometric normal is

n̂q =
∇z
∥∇z∥

.

Quadratic fitting captures local curvature and provides im-
proved robustness over purely force-based estimates, partic-
ularly on smooth curved geometries.

c: Predictive Gaussian Process normal estimation
To incorporate spatial memory and enable anticipatory cor-
rection, contact samples (pi, n̂i) are stored in a bounded
buffer and used to construct a local Gaussian Process model
with squared-exponential kernel

k(x,xi) = σf exp

(
−∥x− xi∥2

2ℓ2

)
.

Instead of querying only at the current contact location, the
model predicts the normal at a short look-ahead point

xahead = x+ δ
v

∥v∥
,

where δ is proportional to tangential speed and bounded for
stability. The predicted normal is

n̂p =

∑
i k(xahead,xi)n̂i∑
i k(xahead,xi)

.

This predictive mechanism reduces orientation lag and miti-
gates contact transients when traversing compound curvature.

d: Normal fusion
When a valid prediction exists, the reactive estimate and GPR
prediction are blended:

n̂ = (1− α)n̂b + αn̂p, α ∈ (0, 1),

and then normalized. In free space, the estimate defaults to
the current tool z-axis to avoid spurious corrections.

e: Orientation alignment with normal estimation
Let zee denote the current tool z-axis expressed in the base
frame. The orientation correction is computed using the geo-
metric cross-product error

ωc = −kR zee × n̂, (4)

which drives zee toward alignment with the estimated surface
normal.

The tight coupling between reactive force decomposition,
quadratic geometric fitting, predictive GPR estimation, and
orientation feedback enables stable interaction with unknown
and varying surface geometries while maintaining compliant
force control.
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C. SIMULATION AND EXPERIMENTAL SETUP
The proposed control architecture and surface-normal esti-
mation framework were evaluated in both simulation and
physical experiments. Simulation was performed in Gazebo
using a kinematic and dynamicUR5model, a simulatedwrist-
mounted force/torque (FT) sensor, and a cylindrical pipe
0.5m diameter representing the contact surface. Ground-truth
geometric information, including the analytical surface nor-
mal of the pipe, enabled quantitative assessment of the normal
estimation accuracy and verification of the hybrid motion–
force control performance prior to hardware deployment.

UR5 Robotic Arm 
Force/Torque

Sensor

Traffic Cone
Tool

FIGURE 3: Experimental setup consisting of a UR5 robotic
arm and ATI FT sensor. A traffic cone is used as the environ-
ment that the robot arm is interacting with.

Experimental validation was performed using a Universal
Robots UR5 manipulator instrumented with an ATI Gamma
force/torque (FT) sensor and an ATI FT 9105-NETB interface
unit. The sensor was rigidly mounted to the end-effector via
a custom-designed adaptor to enable controlled interaction
with curved surfaces. A traffic cone of 0.75m height served as
the test object, see Figure 3. The robot was operated through
its native controller at 125Hz, while all control, estimation,
and data acquisition modules were implemented in ROS to
ensure real-time execution and synchronized sensing. Ex-
periments were conducted under fixed and repeatable initial
conditions to facilitate consistent evaluation and direct com-
parison with the simulation results.

V. RESULTS
The experimental and simulation results are evaluated with
respect to the closed-loop architecture defined in (1)–(4) and
depicted in Figure 2. The admittance dynamics in (1) regulate
the interaction behavior by mapping the wrench error to a
desired task-space velocity, while the wrench transformation
in (2) ensures that control actions are computed at the actual
contact point. The resulting task-space command is projected
into joint space through the generalized inverse kinematics
in (3). Concurrently, orientation alignment is enforced via

TABLE 1: Controller parameters. Adt. C. denotes the admit-
tance controller and Ort. C. denotes the orientation controller.
Subscripts p and o denote the translational and rotational
components, respectively.

Adt. C. mp = 1kg mo = 0.04 kg dp = 150Ns/m do = 1.5Ns/m
Ort. C. kR = 0.08

the geometric cross-product correction in (4), which drives
the tool z-axis toward the estimated surface normal. The
parameters used in the control architecture is given in Table 1.

A. SIMULATION RESULTS
The proposed estimation and control framework was vali-
dated on a UR5 platform during pipe- and cone-swabbing
tasks under the setup described in Section IV-C. A raster
(square sweeping) trajectory was executed in the Cartesian
operational space along the x–y directions, generated via
piecewise-constant velocity segments. Specifically, a linear
velocity of 0.02,m/s was applied over 10, s intervals per axis,
interleaved with pause phases, resulting in a periodic back-
and-forth motion in x combined with stepwise transitions
in y, forming a full square scan pattern. The trajectory was
sampled at 125,Hz over a total duration of 30, s, and positions
were obtained via discrete-time integration of the velocity
profiles. The normal force reference was set to f refz = 3N for
all experiments. Performance is assessed by measuring the
angular difference between the estimated normal n̂ and the
negative tool-frame z-axis (i.e., −ntool), which represents the
desired contact orientation during perpendicular swabbing.

FIGURE 4: Robot trajectory, estimated surface normals ob-
tained via GPR, ground-truth normals, and the angular error
between the estimated and ground-truth normals during a
pipe-swabbing simulation in Gazebo.
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FIGURE 5: Simulated force in z and torques in x and y
directions at tool frame; force tracking achieved once the
contact is established and the tool remains perpendicular to
the surface.

Figure 4 illustrates the robot trajectory, the estimated surface
normals, the ground-truth normals of the cylindrical pipe, and
the angular error between them during interaction. Since the
simulated pipe geometry is analytically defined, the exact
surface normal at each contact point is available, enabling
direct quantitative comparison. The angular error between
the estimated normal n̂ and the ground-truth normal n is
computed as θerror = cos−1

(
n̂⊤n

)
, expressed in degrees.

Furthermore, the interaction forces and torques during the
simulated swabbing task are shown in Figure 5. The force
in the z direction converges to the reference value, while the
torques about the x and y axes remain near zero, indicating
that the estimated normals successfully maintain tool align-
ment with the pipe surface.

TABLE 2: Angular difference (degrees) between the esti-
mated surface normal and the ground-truth surface normal in
simulation.

Controller Mean Median STD RMSE

Adt. C. 2.713 2.483 3.958 4.798
Adt. C.+ Quadratic 2.368 2.173 3.957 4.61
Adt. C.+ GPR 2.411 2.190 3.929 4.609

Table 2 summarizes the statistical performance of the differ-
ent estimation strategies integrated with the admittance con-
troller. The baseline admittance controller without geometric
refinement (Adt. C.) exhibits a mean angular error of 2.713◦

and anRMSEof 4.798◦. Incorporating local quadratic surface
fitting (Adt. C.+Quadratic) reduces the mean error to 2.368◦

and the RMSE to 4.61◦. Similarly, the Gaussian Process

Regression approach (Adt. C.+GPR) achieves a mean error
of 2.411◦ and an RMSE of 4.609◦.

The results indicate that both learning-based (GPR) and an-
alytical (quadratic fitting) refinement strategies improve nor-
mal estimation accuracy compared to the baseline controller.
Since the quadratic model assumes a height-field represen-
tation z = f (x, y), estimation accuracy can exhibit mild
orientation dependence when the surface normal approaches
the horizontal plane of the robot base frame. In the present
experiments with a vertically oriented cone, the observed
errors did not show a strong systematic dependence on sur-
face direction, suggesting that the refinement methods remain
effective over the tested range of surface orientations. The
reduction in mean angular error, although moderate, demon-
strates improved consistency in surface alignment during mo-
tion. The comparable RMSE and standard deviation values
across methods suggest that the dominant error components
arise primarily during transient contact phases rather than
steady-state interaction.

Overall, the simulation results confirm that the proposed es-
timation framework achieves sub-3◦ mean angular accuracy
under ideal sensing conditions, validating the correctness of
the formulation before experimental deployment.

FIGURE 6: Example raster (square sweeping) trajectory exe-
cuted by the UR5 robotic arm on a conical surface. The solid
configuration shows the current robot pose, while the grayed
configuration indicates a previous pose along the trajectory.

B. EXPERIMENTAL RESULTS
The proposed estimation and control framework was vali-
dated on a UR5 platform during pipe- and cone-swabbing
tasks under the setup described in Section IV-C with above
mentioned trajectory, , see Figure 6. Here the performance
is assessed by measuring the angular difference between the
estimated normal n̂ and the negative tool-frame z-axis (i.e.,
−ntool), which represents the desired contact orientation dur-
ing perpendicular swabbing.

Figure 7 depicts a representative cone-swabbing trial, show-
ing the end-effector trajectory, the estimated surface normals,
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FIGURE 7: Robot trajectory, estimated surface normals ob-
tained via GPR, the tool normals, and the angular error be-
tween the estimated and the negative tool normals (−ntool)
during cone-swabbing experiment.

and the angular error relative to −ntool. Consistent with the
intended behavior, the estimator aligns the tool approximately
perpendicular to the local surface as the robot progresses
along the object, with larger errors appearing predominantly
during transitions, turns, and intermittent contact reconfigura-
tions. Complementary to the geometric view, Figure 8 reports
themeasured interactionwrench at the tool frame. The normal
force (fz) converges to the reference value after contact estab-
lishment, while the torques about x and y remain near zero
during steady sliding, indicating that the estimated normals
contribute to maintaining perpendicular tool alignment.

TABLE 3: Angular difference (degrees) between the esti-
mated surface normal and the negative tool normal (−ntool)
in experiments.

Controller Mean Median STD RMSE

Adt. C. 19.348 11.939 17.910 26.364
Adt. C.+ Quadratic 16.860 10.787 13.656 21.695
Adt. C.+ GPR 15.731 9.200 12.900 20.343

A quantitative summary of the angular discrepancy with re-
spect to −ntool across controllers is provided in Table 3. The
baseline admittance controller (Adt. C.) yields amean angular
error of 19.35◦ and an RMSE of 26.36◦. Incorporating the lo-
cal quadratic surface-fitting refinement (Adt. C.+Quadratic)
reduces the mean error to 16.86◦ and the RMSE to 21.70◦.
The Gaussian Process Regression refinement (Adt. C.+GPR)
further improves performance, achieving a mean error of
15.73◦ and an RMSE of 20.34◦. The reduction in both mean

f z
	(N

)

0

2

4

6

Ref Adt. Quadfit GPR

= x
	(N

m
)

-0.05

0

0.05

0.1

Time	(sec)
0 5 10 15 20 25 30 35

= y
	(N

m
)

-0.2

-0.1

0

0.1

0.2

FIGURE 8: Measured force in z and torques in x and y direc-
tions at tool frame; force tracking achieved once the contact
is established and the tool closely remains perpendicular to
the surface.

and RMSE indicates that model-based and learning-based re-
finements consistently enhance the surface-normal estimates
relative to the admittance-only baseline.

Compared to simulation, the experimental errors are larger
in both mean and dispersion, which is expected due to
practical factors including sensor noise and bias in the
FT measurement, unmodeled structural compliance at the
tool–sensor–flange interface, residual kinematic/calibration
errors, surface irregularities (e.g., seams and material dis-
continuities), and contact nonlinearities (e.g., friction and
stick–slip). Notably, the improvement trends across methods
are consistent with simulation results: both Quadratic and
GPR refinements reduce the steady-state misalignment and
attenuate the worst-case transients observable in the torque
channels. These observations support the transferability of
the estimation framework from idealized settings to real hard-
ware.

Overall, the experiments demonstrate that the proposed hy-
brid motion–force controller, augmented with geometric re-
finement, achieves stable contact maintenance, reference
force tracking, and improved surface alignment during swab-
bing on curved objects. While absolute angular accuracy is
limited by sensing and interaction uncertainties, the system-
atic reduction in mean and RMSE with both refinements
validates the practical value of embedding local surface mod-
eling (Quadratic) or data-driven regression (GPR) within the
estimation loop.
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VI. CONCLUSION
This paper presented an integrated hybrid motion–force con-
trol framework with online surface-normal estimation for
contact-intensive swabbing on curved geometries. Two re-
finement strategies—local quadratic surface fitting and Gaus-
sian Process Regression (GPR)—were incorporated within
an admittance control scheme to enhance normal estimation
during physical interaction.

Simulation results demonstrated sub-3◦ mean angular error
under ideal sensing conditions, validating the formulation and
confirming that both refinement methods reduce mean error
and RMSE relative to an admittance-only baseline, particu-
larly during sustained contact. Experimental validation on a
UR5 platform with an ATI wrist-mounted force/torque sensor
showed consistent trends on real curved objects. Although
absolute errors increased due to sensing noise, compliance,
calibration imperfections, and contact nonlinearities, both re-
finement approaches improved alignment performance, with
GPR yielding the lowest mean and RMSE angular discrepan-
cies. Force tracking remained stable, and torque components
stayed near zero during steady sliding, indicating effective
perpendicular tool alignment.

Overall, embedding geometric or data-driven surface model-
ing within the estimation loop improves alignment accuracy
without compromising contact stability, supporting practical
deployment in swabbing and related contact-rich tasks. The
gap between simulation and hardware performance motivates
improvements in force/torque sensing (e.g., bias and temper-
ature compensation and in-situ calibration), as well as better
modeling of compliance and friction and adaptive tuning of
refinement parameters. Future work will also address multi-
contact and free-form surfaces with online coverage plan-
ning, and investigate fusion of vision or depth sensing with
force feedback to enhance robustness and reduce angular
error in unstructured environments. In scenarios where the
robot performs repeated passes over the same region along
similar trajectories, learning-based strategies such as iterative
learning control (ILC) could further improve surface-normal
prediction and alignment accuracy by exploiting information
accumulated across successive executions.
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