2026 IEEE International Conference on Robotics and Automation (ICRA 2026)

June 1-5, 2026. Vienna, Austria

Aerial Manipulation with Contact-Aware Onboard Perception and
Hybrid Control

Yuanzhu Zhan*!, Yufei Jiang*! Muging Cao?, Junyi Geng!

Abstract— Aerial manipulation (AM) promises to move Un-
manned Aerial Vehicles (UAVs) beyond passive inspection to
contact-rich tasks such as grasping, assembly, and in-situ
maintenance. Most prior AM demonstrations rely on exter-
nal motion capture (MoCap) and emphasize position control
for coarse interactions, limiting deployability. We present a
fully onboard perception—control pipeline for contact-rich AM
that achieves accurate motion tracking and regulated con-
tact wrenches without MoCap. The main components are (1)
an augmented visual-inertial odometry (VIO) estimator with
contact-consistency factors that activate only during interac-
tion, tightening uncertainty around the contact frame and
reducing drift, and (2) image-based visual servoing (IBVS)
to mitigate perception—control coupling, together with a hy-
brid force-motion controller that regulates contact wrenches
and lateral motion for stable contact. Experiments show that
our approach closes the perception-to-wrench loop using only
onboard sensing, yielding an velocity estimation improvement
of 66.01% at contact, reliable target approach, and stable
force holding—pointing toward deployable, in-the-wild aerial
manipulation.

I. INTRODUCTION

Despite the rapid growth, most Unmanned Aerial Vehi-
cles (UAVs) today are limited to passive tasks like visual
inspection, surveillance, and remote sensing [1], [2], where
the UAVs avoid collision without physical interaction. Aerial
manipulation (AM), where UAVs equipped with manip-
ulators performing contact-based tasks such as grasping,
assembly, transporting, and manipulating objects at height,
will unlock transformative applications like infrastructure
maintenance (e.g., bridge repair and relic restoration), pre-
cision agriculture, and contact inspection in manufacturing.
Such capabilities can reduce human risk, enhance efficiency
in labor-intensive sectors, and expand access to extreme
or hazardous environments. The key challenge lies in the
dynamical coupling between the UAVs and their interactions
with other entities, where floating base body motion affects
the end-effector and vice versa, as well as the inherent
instability of multirotor platforms.

Most aerial manipulation demonstrations to date have been
conducted in controlled lab settings—e.g., contact-based
inspection [3], [4], door opening [5], valve turning [6], clean-
ing [7], and letter drawing [8]. These studies typically rely
on external motion capture (MoCap) to provide near—ground-
truth localization and state estimates. That assumption breaks
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Fig. 1. Our fully-actuated aerial manipulator performs contact inspection
using solely onboard sensing for motion tracking and force regulation. The
inset shows the camera-based feature detection of our contact-aware visual
inertial odometry.

down in real-world deployments, where external tracking is
unavailable and GPS can be unreliable or denied especially
near large infrastructure, indicating the necessity of fully
onboard perception and control.

Emerging efforts have begun to investigate aerial manip-
ulation in the wild with outdoor demonstrations, including
GPS/RTK-assisted sensor retrieval [9], [10], total-station-
based inspection [11], and vision-based coarse pick-and-
place of large objects [12]. However, these systems typically
address simple or low-precision tasks dominated by posi-
tion control, or rely on unconventional mechanical designs,
e.g., soft grippers [13] and compliant continuum manipula-
tors [14] for position-based grasping. To our knowledge, they
rarely model or regulate contact wrenches (force/torque),
which is critical for contact-rich aerial manipulation tasks
such as aerial contact inspection and peg-in-hole for main-
tenance, where maintaining specified wrenches is essential.

We aim to achieve precise aerial manipulation tasks in real
world using only onboard sensing for maintaining accurate
motion tracking and regulated contact wrenches. This is
challenging for several reasons. First, the localization ac-
curacy of standard vision-based Simultaneous Localization
and Mapping (SLAM) / Visual Inertial Odometry (VIO) is
often insufficient for simultaneous motion and force/torque
control, especially near infrastructure where features are
sparse or occluded. In addition, due to the tight dynamic
coupling between the UAV body and the manipulator, per-
ception and control are deeply intertwined: estimation errors
can destabilize interaction control, while suboptimal control
further degrades perception. These factors motivate a jointly
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designed perception—control framework.

To address these challenges, this paper develops a contact-
aware, fully onboard perception—control pipeline for aerial
manipulation. Specifically, we augment the state-of-the-art
VIO algorithm [15], [16], [17], [18] with contact consis-
tency factors that activate only during interaction to stabilize
estimates at contact. This tightens the uncertainty around
the contact frame and reducing drift that would otherwise
degrade interaction quality. To mitigate perception—control
coupling issue of aerial manipulation, we adopt visual
servoing to co-design perception and control. Image-based
visual servoing (IBVS) directly uses image-space feedback to
compute commands and thus does not require full UAV pose
estimation [19]. We thus use only the VIO-provided body
velocity for control feedback. Finally, a hybrid force—motion
controller regulates contact wrenches along the surface nor-
mal while tracking lateral motion, maintaining both target
pose and desired wrench during manipulation. In summary,
the main contributions of this work are:

« We propose a contact-aware, onboard perception—control
pipeline for contact-rich aerial manipulation that achieves
both precise motion tracking and wrench regulation with-
out external motion capture.

o« We augment factor-graph VIO with contact-consistency
constraints that activate only during interaction to improve
estimation performance at contact.

« We develop an image-based visual servoing scheme that
couples perception and control, together with a hybrid
force—motion controller that regulates contact wrenches
and lateral motion.

e We present simulation and real world experiments to
demonstrate the effectiveness of accurate motion tracking
and stable force holding under visual guidance.

II. RELATED WORKS
A. Aerial Manipulation

Research on aerial manipulation spans diverse tasks, such
as aerial grasping [20], aerial docking [21], drilling [22],
screwing [23], and pushing a target [24]. However, most
demonstrations rely on external motion-capture (MoCap)
for localization and are conducted indoors. Prior work has
largely emphasized mechanical design [25], [9], [26] and
dynamic analysis/control [27], [28], [29], with comparatively
less attention to onboard perception [30]. Although emerging
efforts push aerial manipulation into the wild with outdoor
demonstrations, they often depend on external infrastructure
such as GPS/RTK [9], [10] or total stations [11], and only
a few use onboard sensing with standard VIO/SLAM for
coarse pick-and-place of large objects [30]. These typically
employ position-only control without explicit wrench reg-
ulation during physical interaction. In contrast, our goal is
precise, MoCap-free aerial manipulation using only onboard
sensing to control both motion and wrench.

B. Onboard Perception for Aerial Robots

Onboard perception for UAVs is well studied across plat-
forms and tasks ranging from inertial+GPS navigation [31] to

LiDAR/sonar mapping [32] and, more recently, lightweight
vision pipelines for tracking [33], landing [34], and inspec-
tion [35]. In aerial manipulation, however, onboard per-
ception remains comparatively less mature. Existing aerial
manipulation systems often employ VIO/SLAM (sometimes
aided by fiducial markers) for approach behaviors such
as grasping [13], perching [36], or package delivery [37].
However, contact is typically treated as a disturbance where
texture loss, self-occlusion, and low-speed motion weaken
visual constraints when accuracy is most critical. Con-
sequently, MoCap-free demonstrations tend to emphasize
coarse placement or light interaction and rely on position-
only control without explicit wrench regulation [30], [13].
Outside the aerial domain, contact-aided estimation has im-
proved observability by injecting no-slip/contact constraints
into factor-graph formulations for legged or mobile manip-
ulation [38], [39]. Inspired by this principle, we integrate
contact-consistency into a VIO that activates only during
interaction to stabilize pose/velocity at contact. To connect
perception to action, visual servoing provides an interface
that has been widely used for UAV tasks [40], [41]. Yet, prior
aerial manipulation pipelines rarely close the full perception-
to-wrench loop without MoCap; those that do are typically
validated only in simulation [42]. In contrast, our work
explicitly bridges targeting and contact using only onboard
sensing leveraging velocity estimates from our contact-aware
VIO to drive visual servoing and hybrid force-motion con-
trol.

III. SYSTEM OVERVIEW
A. System Design

As illustrated in Figure 1, our customized aerial platform
is a hexarotor (Tarot T960) with six rotors, each tilted by
30 degrees in alternating left and right directions. Every
arm carries a brushless motor driving a 12-inch propeller.
Leveraging its fully actuated nature, we mount a zero degree-
of-freedom (DOF) manipulator arm to the front of the
vehicle without the need for additional complex mechanical
components. A 6-axis force/torque (F/T) sensor ATI Gamma
is installed at the base of the manipulator for interaction
forces and moments measurement.

As for the avionics, we use the compact ModalAI VOXL
2 Flight Deck', which integrates an autopilot running PX4
firmware, an onboard computer, an inertial measurement
unit (IMU), a barometer, and multiple optical sensors into
a single unit. The platform provides a stereo pair for VIO
and an RGB camera for visual servoing, meeting our sensing
requirements.

B. Notations

We define five reference frames: the world inertial frame
W, the vehicle body frame B, the camera frame O, the F/T
sensor frame S, and the contact frame C.

The inertial frame WV is a north-east-down frame whose
origin is located at the UAV’s takeoff position. The body

'mttps://www.modalai.com/
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Fig. 2.

Overview of the proposed pipeline. A contact-aware VIO module fuses visual, inertial, and force/torque measurements to provide state estimates

and activates contact factors during interaction. An image-based visual servo (IBVS) drives the vehicle during the approach phase using VIO-estimated
body velocity. Upon contact, a hybrid motion—wrench control strategy regulates contact forces and tracks lateral motion. Finally, a control allocation module
maps the commanded wrenches into rotor speeds €2 for execution on the fully-actuated hexarotor platform.

frame is denoted as B = {Og,Zs,4s, 25}, where Op
represents the vehicle’s center of mass, and Zy, §p, 2 are
unit vectors pointing forward-left-up relative to the vehi-
cle, respectively. The camera frame is defined as O =
{00,%0,0, %0}, Where Op is the optical center of the
camera, and Z,, §,, 2, are unit vectors pointing right-down-
forward relative to the camera. The F/T sensor frame is
defined as S = {Os, Zs,¥s, 25}, whose Og is at the base
of the manipulator where the F/T sensor is mounted, and
Ts,Vs, Zs are unit vectors aligned with the left, down, and
up (left-handed coordinates) directions of the sensor. The
contact frame is given by C = {Oc, &¢, e, 2.}, Where O¢
corresponds to the end-effector tip at the contact point, and
Ze, Ve, Zc are unit vectors aligned with the surface normal
(pointing inward), left, and up directions of the contact
surface.

Furthermore, R? € SO(3) and T® € SE(3) define the
rotation and transformation matrix for vector from frame b
to frame a. The right superscripts, e.g., v"V, indicates that
the vector v is expressed in frame W. 0.« denotes a zero
vector of dimension a X b.

C. System Dynamics

Our platform is a fully-actuated aerial manipulator. Unlike
conventional coplanar multirotor whose thrust is fixed along
the body z-axis and must tilt the entire vehicle to generate
lateral forces, a fully-actuated design can produce a full 6
DOF wrench and thus regulate translation and orientation
independently. This decoupling is well suited to contact-rich
tasks such as aerial contact inspection.

The dynamics of our hexarotor UAV can be modeled using
Euler-Lagrangian method as following:

Mo+ Cv+G =74 Tex @))

with inertia matrix M € R%6, the centrifugal and Coriolis
matrix C € RS%® the gravity vector G € RS v =

[vT,wT]T and ¥ represent the system twist and acceleration
respectively. 7 € RS is the control wrench from the actuators,
while 7., € RS is other external wrench (e.g. wind or

contact).

D. Method Overview

We target aerial manipulation tasks that require precise
motion tracking and regulated contact wrenches. The repre-
sentative scenario is approaching a surface and sustaining a
prescribed normal force, such as in aerial contact inspection
or peg-in-hole maintenance. We focus on the problem to the
approach and interaction phases because long-range, free-
flight guidance can be handled by other standard and mature
methods and is outside the scope of this work. The proposed
pipeline as shown in Figure. 2 has three key components:
(1) A contact-aware VIO processes stereo imagery to pro-
duce vehicle/end-effector state estimates, activating contact
factors only during interaction. (2) During approach, image-
based visual servoing (IBVS) drives the platform using
only the VIO-estimated body velocity. (3) Upon contact, a
hybrid force-motion controller regulates the normal wrench
while IBVS continues to track lateral motion, closing the
perception-to-wrench loop with onboard sensing.

IV. CONTACT-AWARE VISUAL-INERTIAL ODOMETRY

Our method builds upon VINS-Fusion [15], [16], where
visual-inertial state estimation is expressed within a factor
graph framework, and the system state is recovered through
joint optimization of camera reprojection errors and IMU
pre-integration constraints. While this formulation achieves
high accuracy in general scenarios, it may suffer from drift
when external interactions occur. To mitigate this issue,
we extend it by introducing contact factors that leverage
robot—environment interactions. In particular, when the sys-
tem is in contact with a wall, the relative motion at the
contact point is constrained, and this information is encoded
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Pose graph of the proposed contact-aware VIO

as an additional factor in the graph as shown in Figure 3. By
incorporating such constraints, the estimator gains improved
robustness and reduced drift, especially in environments with
limited visual features or long-term operation.

A. Visual-inertial Odometry

We formulate visual—inertial odometry with contact con-
straints as a nonlinear optimization problem over a sliding
window of states. The full state vector is defined as
7’Y1’7’Lj| I (2)

B
X = I:wOa:El»---;wn7wcar}/07’yla"'

where each aerial manipulator state xj, at time k € [0, n]
includes the position, velocity, orientation, and bias parame-
ters of the accelerometer and gyroscope, and we assume that
the body frame of the aerial manipulator is aligned with the
IMU frame.

Ty = [P}c/v» V}c/vv q}c/\/’ ba, bg} 3)

and x5 = [p5, ¢F] denotes the translation and orientation
of camera in the body frame. The variables ~; represent the
inverse depths of visual landmarks.

Given this state representation, the state estimation prob-
lem is expressed as minimizing the sum of residuals from
different sensing modalities:

Z || v1§ual H +Z||TIMU

(ig)€C keT

i —H,X|?
min {|r—H, X+

“4)
rmu‘ﬂ denotes the reprojection residual of feature j ob-
served at time 4, 75, denotes the IMU pre-integration resid-
ual between consecutive states. This joint optimization en-
sures consistency between visual and inertial measurements
and provides accurate state estimation in general scenarios.
The visual residuals and IMU residuals follow the standard
formulation in [15], and we refer readers to that paper for
more detailed derivations.

B. Contact Factor

To further enhance robustness in scenarios involving
robot—environment interactions, we introduce a contact factor
into the factor graph. When the system establishes contact
with a wall, the relative motion at the contact point can be
assumed to follow physical constraints, which are encoded
as additional residuals in the optimization. Formally, the

extended objective becomes

H}xi,n ||rp - }IP‘X'H2 + Z || Vlsual ||2 + Z ITIMU ||2
(1,5)EV keZ
D b ()12, (5)
keF

where 7% enforces the constraint induced by wall contact
at time k. Here, VV denotes the set of all visual feature
observations, Z denotes the set of all IMU measurement
intervals, and F denotes the set of all contact events.

The contact factor reduces drift and improves estimation
accuracy by anchoring the states to the environment during
contact events, especially under feature-sparse or long-term
operation.

Concretely, the contact event is triggered by a force
threshold. After we switch to force holding mode, the robot
is constrained along the wall normal direction. Between
two consecutive states, the signed distance to the wall is
preserved, and the velocity projected onto the wall normal
is zero. These constraints are expressed as

) n' (p —pY)
Contacl(w) = ’n,TVkW ) (6)

r

where n denotes the wall normal, pj, and py4 are positions
at consecutive time steps, and vy, is the velocity at time & in
the world frame. By jointly constraining both position and
velocity along the contact normal, the factor further stabilizes
the state estimation in challenging environments.

To further improve robustness, the covariance of the
contact factor is adaptively adjusted according to the force
sensor readings. Intuitively, when the contact force is stable
and large, the system is confident that the robot is in
firm contact with the environment, and the corresponding
constraint should be enforced more strongly. Conversely, if
the force sensor signal is noisy or unstable, this indicates
that the contact is not reliable, and the constraint should
be relaxed. Formally, the information matrix of the contact
residual is defined as

1 N N
Peontact = @ N Z ( % Z F; ) (7N
i=1

Jj=1

where F; denotes the measured contact force along the
constrained direction at the ¢-th sample within a sliding
window of length N, and « is a scaling coefficient. This
variance-based formulation captures the stability of the con-
tact interaction: stable and consistent contact forces yield a
small variance and thus a stronger constraint, while noisy
or fluctuating forces produce a larger variance, which au-
tomatically weakens the influence of the contact factor and
prevents the introduction of spurious constraints.

In the optimization, the adaptive weighting enters the
objective through the Mahalanobis norm

||Tcontact( )”2 = (Tfomact(x )) Pcorlnacl comact("Y ) ®)
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V. HYBRID MOTION AND FORCE CONTROL WITH
IMAGE-BASED VISUAL SERVO

Thanks to the fully-actuated property, we design the con-
trol input 77 via feedback linearization as the combination of
a motion controller 72, (driven primarily by visual servoing)

and a wrench controller Tf based on [8], [43], [42]:
78 = RG((Tsxe — A)RETL + ATY) 9)

where A = blockdiag[\(d),0,0,0,0,0] € R*¢ \(d) €
{0,1} is the selection matrix that specifies which DoFs are
executed as direct wrench commands, while the complemen-
tary subspace is handled by motion control. A(d) is deter-
mined by the camera-derived depth d to the contact surface,
smoothly transitioning from motion to force regulation as
contact is approached. A\(d) = 0 corresponds to pure motion
control driven by visual servoing, while A(d) = 1 activates
force control along the surface normal direction. To enhance
a smooth transition, we design A(d) as a confidence factor
that increases progressively with the measured depth d:

d S dnnﬁna
(1 + COSs (ddidﬁﬂ')) 5 dmzn S d S dmaccv

max m

A(d) =

O = =

otherwise.
(10)
A. Visual Servoing Strategy

We use the standard image based visual servo [19] with
the velocity estimate from Sec. IV to guide the motion of
the end-effector to align with the target on the surface.

Let us consider the real and desired image feature as s,
s*, respectively. The aim of IBVS is to minimize feature
error e, = s — s*. For typical aerial contact inspection with
motionless target, s* is constant, and changes in s depend
only on camera motion. Then, the first-order feature error
dynamics can be represented as:

*

és=5—8§ = L(s)v® — 5" = L(s)v® (11)

where v, € R is the spatial velocity of the camera
(camera twist), including the instantaneous linear and angular
components. L(s) € R**6 (k is the number of features)
is the interaction matrix. We consider velocity input to the
aerial manipulator controller. To impose an exponential de-
crease of the feature error, the camera twist can be designed
as

v? = —CL(s)'es (12)

where L(s)! denotes the estimated Moore-Penrose
pseudo-inverse of L(s). ( > 0 is the convergence rate.
Then, the velocity input to the UAV is v5, = REv?, and a
standard PID controller can be designed to obtain 5.

The key components are robust image—feature detection
and accurate interaction matrix estimation. For the tasks such
as peg-in-the hole, the target can be modeled as a circle.
Standard circle detection and segmentation algorithm can be
used. The detected image center 0. = [u,v] and and the
circle’s image area A encode lateral alignment and range
(scale), respectively: the alignment error measures the lateral

offset between the end-effector tip and the target center,
while the scaling error reflects distance to the target plane.
We therefore choose the IBVS feature vector s = [0/, 7]

where 7 is the radius in pixel. Estimated depth is given by
d = +/fz fy% with A the target area in pixels, A, the
known physical area of the circular target and f,, f, the
camera focal lengths. L(s) can thus be obtained as:

i

2 2
o I B
L(s) = _fy v f20? _uv _ 13
e R s A T
e e 0

B. Wrench Controller

We design an impedance controller to ensure reference
force F,. tracking of the end-effector during the physical
interaction with the target. The onboard F/T sensor measures

the interaction force F'. Then, the controller is designed as:
ef:FfFr, 61165[3]

Fr=F, - mmgl(Keez + D.é,) — Kypepr — Kfvi/efdt

=F, — K. pe, epdt

(14)

— Keaéy — Kypey — Kfz/

with m, mq the actual and desired vehicle mass, respectively,
K. p, K. q are the normalized stiffness, and damping, respec-
tively. Ky, Ky; > 0 are tunable gains for force control.
€s(3) is the third component of es, which reflecting the
scaling error. Then, the control wrench T}j = [Ff,les]T
and 75 will be passed through (9) to get the total control
wrench 75, which is finally distributed to each rotor through
the control allocation process. Furthermore, leveraging the
fully-actuated design, we command zero roll and pitch to
keep the vehicle level during the manipulation task.

VI. EXPERIMENTS

We evaluate the proposed method in both simulation and
real-world. In Gazebo simulation, we assess the robustness
under varying levels of estimation error. Real-world experi-
ments are then conducted to demonstrate contact-rich aerial
manipulation using only onboard sensing.

A. Experiment Setup

In simulation, we model a fully actuated aerial manipu-
lator in the Gazebo simulator following the UAV design in
Sec. III-A. An RGB-D camera, configured with the same
intrinsics/extrinsics as the VOXL2 Hi-Res optical sensor, is
front-mounted at the same location on the vehicle. A 6-axis
F/T sensor plugin is attached near the end-effector.

In real-world experiment, The aerial manipulator relies
entirely on onboard sensing and computation as described
in Sec. III-D. An OptiTrack motion-capture system provides
ground-truth pose only for offline evaluation of the contact-
aware VIO and is never used for feedback.

We consider a peg-in-hole task with force regulation as a
representative aerial manipulation scenario of aerial contact
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Fig. 4. Snapshots of real-world experiments. (a) Visual servoing initialized. (b) Approaching the target. (c) Force holding.
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Fig. 5. Peg-in-hole experiment in simulation. (a) a snapshot of the contact
moment. The first person view (FPV) is in the lower right corner. (b)
Alignment error converted from the pixel plane. (c) Scaling error in pixel
plane. (d) Filtered force measurement.

inspection and maintenance. The experimental procedure is
as follows: First, the vehicle takes off and stabilizes in hover
with the target in the camera’s field of view (FOV). Then
the hybrid controller is activated and IBVS engaged. The
color-based detector segments the target, and the resulting
mask is used to extract visual features. Guided by our image-
based visual servoing, the aerial manipulator approaches the
surface, performs insertion, and regulates a specified normal
force F,; = 5 N while maintaining lateral alignment.

B. Simulation Results

The experiment is conducted with a circular hole mounted
on a vertical wall 1.5 m above the ground, with an inner
diameter of 50 mm and an outer diameter of 140 mm; the
aerial manipulator end-effector has a diameter of 12 mm.
To verify the robustness of our proposed method, we repeat
this experiment by gradually increasing levels of velocity
estimation noise. The baseline uses ground-truth velocity.
In the second condition, we inject zero-mean, uniformly
distributed noise with bounds (+ 0.05, 4+ 0.05, + 0.07)
m/s (noise 1). In the third, we increase the bounds to (+
0.10, &= 0.10, £ 0.14) m/s (noise 2). Figure 5 summarizes

force regulation and visual target tracking. In particular,
Figures 5 (b)-(c) show IBVS feature tracking, where the
lateral alignment error has been converted from pixels to
meters using camera intrinsics and the target geometry, and
the radius error is in pixel unit. We can see despite the
injected velocity errors, the image feature estimation still
converge. The aerial manipulator successfully performs the
peg-in-hole task and holds reference F;; = 5 N force.

C. Real-world Experiments

We then evaluate the task in real-world experiments. To
assess robustness, we set up a red circular wall target with
a radius of 10 cm and four equally spaced concentric rings.
Figure. 4 shows a sequence of flight snapshots (with an First
person view (FPV) inset at the lower left). From ¢ = 0
to 28.3s, IBVS guides the vehicle toward the vicinity of
target and the lateral alignment error converges to ~ (O m.
At t = 28.3 s, the end-effector made contact with the target,
indicated by a sharp rise in the measured force. From 28.3 to
55.1 s, the hybrid force—motion controller maintains the com-
manded normal force while simultaneously regulating lateral
motion, as shown in Figure. 6 (a)-(b). Thanks to the fully-
actuated mechanism, the platform also maintains a near-zero
body attitude (roll/pitch) during contact (Figure. 6(c)).

TABLE I
VELOCITY ESTIMATION ERROR DURING CONTACT (M/S) ()
Method | RMSE  mean max std
VINS-Fusion | 0.0356 0.0207 0.1174  0.0356
OpenVINS 0.0619 0.0493  0.2123  0.0619
Ours 0.0121  0.0089 0.0516 0.0117

We also evaluate the state estimation performance of our
contact-aware VIO by comparing it against VINS-Fusion
[15] and OpenVINS [44]. Figure 7 shows the estimated
velocities along the x, y, and z axes, together with the
velocity error in the contact direction (z-axis). While all
three estimators generally follow the ground truth motion-
capture (MoCap) measurements, significant differences ap-
pear in the contact direction. In particular, VINS-Fusion
exhibits noticeable fluctuations during contact, resulting in
large estimation errors, whereas our method remains stable
and closely aligned with the MoCap ground truth. The error
plot further highlights that the proposed approach suppresses
high-frequency noise and reduces drift along the contact axis,
leading to smoother and more accurate estimates.
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A quantitative comparison is provided in Table. I, which
reports the Root Mean Square Error (RMSE), mean, maxi-
mum, and standard deviation of the velocity error magnitude
during contact. Our method achieves the lowest error across
all metrics, with an RMSE of 0.0121 m/s and mean error of
only 0.0089 m/s, significantly outperforming VINS-Fusion
(RMSE 0.0356 m/s) and OpenVINS (RMSE 0.0619 m/s).
These results clearly demonstrate that leveraging contact in-
formation substantially improves the robustness and accuracy
of state estimation, particularly in challenging conditions
where pure visual-inertial methods struggle.

VII. CONCLUSION

This paper developed a fully onboard perception—control
pipeline for contact-rich aerial manipulation without external
motion capture system. By adding contact-consistency fac-
tors to VIO and integrating IBVS with a hybrid force—motion
controller, the system improves estimation during physical
interaction and regulates both contact wrench and lateral
motion. Experiments demonstrate accurate target approach,
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Fig. 7. Velocity estimation performance of VINS-Fusion and the proposed
method, compared against ground-truth MoCap. (a)—(c) show velocity esti-
mates along the x, y, and z axes, respectively, with the z-axis corresponding
to the contact direction. (d) presents the velocity estimation error along the
contact axis

stable force holding, and a 66.01% reduction in velocity
estimation drift at contact with only onboard sensing, high-
lighting the potential for complex outdoor tasks. Future work
will address online surface normal estimation and robustness
to wind disturbance and feature-sparse environments.
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