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Abstract—Estimating the 3D center of mass (CoM) of un-
known objects is challenging when grasping is infeasible, geom-
etry is irregular, or mass distribution is uneven. We present a
force-based method that estimates CoM height (i.e., zc value)
and mass from a single sub-critical tipping experiment by a
robot manipulator. The robot applies a quasistatic elevated
push and retract motion, and uses force–angle measurements
recorded during tipping to identify parameters from the object
trajectory. Our proposed push–retract cycle mitigates fric-
tional bias, enabling generalized fitting. We experimentally
validate our method using a robot manipulator with a six-axis
force/torque sensor on varying types of objects without prior
shape information and without specific models. We also propose
a method to prevent toppling, keeping the object in a sub-critical
tipping regime by leveraging a safety margin. In experimental
studies, our method recovers mass, CoM height, and toppling
angle with relative errors below ≈5.0% across all unknown
objects. This work demonstrates reliable 3D inertial parameter
estimation under proper safety thresholds in tipping. Our
proposed method informs and enables reliable non-prehensile
manipulation and robotic grasping of challenging objects that
were previously infeasible.

Keywords—Force and Tactile Sensing, Contact Modeling,
Perception for Grasping and Manipulation

I. INTRODUCTION

The Center of Mass (CoM) is a fundamental iner-
tial property, playing a critical role in robotic manipula-
tion—particularly in non-prehensile tasks. Accurate CoM
estimation is necessary for stable grasping, efficient motion
planning, and reliable prediction of object behavior under
applied forces. While CoM can be computed for objects with
known models of geometry and force distribution, estimating
the CoM of previously unseen objects with unknown prior
models remains challenging in unstructured settings.

Non-prehensile manipulation offers a practical route to in-
ference when grasping is infeasible due to object size, shape,
fragility, or task constraints. We introduce an approach where
a robot executes controlled pushes on an unknown object and
collects sensory data to infer the CoM height and mass. This
process forms an active perception loop, where purposeful
interaction with the object and environment incrementally
improves the robot’s understanding of the scene.

We leverage repeatable quasistatic interaction regimes with
complementary sensing: visual sensing provides kinematic
context (such as the pose of the interacted object), while force
measurements expose the physical consistency of tipping
behavior. Building on an estimate of the planar 2D (xc , yc)
CoM projection, we use controlled tip-inducing pushes to
resolve CoM height and recover mass and critical toppling
angle without requiring destructive toppling. Toppling is a
dangerous condition in which the object uncontrollably falls

over, which we avoid by implementing a safety margin
(ηsafety) and admissible force envelope (F) to constrain the
system’s behavior.

II. PRIOR WORK

Estimating inertial properties of unknown objects through
interaction is a long-standing topic in robotics, motivated
by the fact that mass and CoM govern object motion and
stability under applied wrenches. Much of the prior work
emphasizes 2D parameter estimation (i.e. planar components
on the supporting surface). Earlier work focused on the
effects of different support surfaces, such as wood, ceramic,
and stainless steel on pushing operations and estimates [1].
More recent efforts focused on using tactile feedback [2],
using combined grasp-push strategies [3], and data-driven
approaches [4].

A. Grasp-Based Methods

There is a large body of work that estimates inertial pa-
rameters under the controlled conditions afforded by grasped
or end-effector-fixed objects. In this setting, the robot excites
the fixed object while measuring wrist force/torque and end-
effector motion, enabling classical identification of CoM,
mass, and inertia. Atkeson et al. and Khosla et al. each
approached this system identification problem using excita-
tion trajectories, combined with least-squares estimation of
linearized Newton-Euler equations [5], [6]. Typical motions
included lifting, shaking, or other pre-planned motions, until
Gautier and Swevers et al. optimized trajectories to improve
accuracy and reduce uncertainty [7]–[9]. Later extensions
focus on cooperative multi-robot identification that distributes
the applied wrench across agents, both with mobile and aerial
robot platforms [10]–[12]. While highly accurate, these ap-
proaches depend on stable grasping and payload constraints
that are often unavailable in non-prehensile scenarios.

B. Planar Pushing and Planar CoM

Planar pushing has been extensively studied both as a
mechanism for moving objects on a support surface and as a
rich source of information for inferring physical parameters.
Early work by Mason et al. established the mechanics of
pushing and introduced the voting theorem, relating observed
object rotation to the center of friction and friction cone [13].

Building on this foundation, several works began employ-
ing planar pushing for active inference. Rather than merely
predicting motion, these approaches use selective pushing to
elicit informative behaviors from the object - a strategy with
strong ties to grasp-based methods. Developments in this



area span open- and closed-loop pushing control, stable fence
pushing, and initial techniques for inertial parameter estima-
tion [14]–[18]. Further advancements in push-manipulation
include methods based on rapidly exploring random trees
(RRTs) for graspless manipulation and dual-finger pushing
[19], [20]. While studies that depart from quasi-static regimes
is limited, impact-based interactions have also been explored
to infer density distribution [21].

Despite its convenience, planar interaction alone cannot
resolve the CoM height, as distinct 3D CoM configurations
can share identical planar projections. This fundamental
ambiguity necessitates out-of-plane motions such as tipping.
In this work, we assume an estimate of the planar CoM pro-
jection is available (e.g., from prior planar pushing methods
such as [22], [23]) and focus on the vertical component.

C. Tipping and Toppling for CoM Inference

Object tipping has long been used in mechanics to char-
acterize a system’s stability margin. In non-prehensile ma-
nipulation, this physical reasoning underpins tasks like safe
pushing, toppling prevention, and stability-aware planning.

Despite its utility, this area remains relatively under-studied
compared to planar pushing. A seminal contribution to 3D
inference was provided by Yong Yu et al., who introduced
the Gravity Equi-Effect Plane (GEEP), defined as a plane
containing the CoM and the object’s pivot line-contact with
the support surface [24]. When the GEEP aligns with the
gravity vector, the object is marginally stable; by tipping or
tilting the object about multiple contact lines, the 3D CoM
can be resolved from the intersection of the resulting planes.
This framework was later extended to cylinder-like objects
and curved bases where a “passing-CoM line” is used in place
of the equi-effect plane to account for moving point-contacts
at the base [25]. However, the approach requires considerable
prior information of the object geometry.

III. APPROACH

Our approach aims to estimate an object’s CoM with-
out knowing the object geometry, without requiring that
the object is graspable, and without using multiple tipping
operations. We use a two-stage pushing approach:

1) We first conduct 2D CoM estimation: planar coor-
dinates (xc, yc) of CoM are determined by applying
pushes at low height, which induces in-plane motion.

2) Next, we select a higher pushing point to induce
tipping, allowing for the estimation of the CoM height
zc and object mass m. We emphasize sub-critical
tipping for enhanced safety and repeatability without
destructive toppling, and recover mass and critical top-
pling angle as natural byproducts. This single-tipping
inference eliminates the need for multiple push/tip
configurations.

We rely on fundamental principles of mechanics and
integrate force and visual sensing to monitor applied forces
and object poses and motion. The analysis is conducted under
the following assumptions:

1) The manipulated object is a non-deformable rigid body.

2) Isotropic Coulomb friction exists. We use the simplifi-
cation of a single friction coefficient, µ, for both static
and kinetic friction.

3) Quasistatic motion is conducted such that inertial in-
fluences are negligible.

A. 2D CoM Estimation

Low-height pushing minimizes the likelihood of tipping
and by observing the object’s rotational behavior, the 2D
CoM coordinates may be extracted. In [22], this is performed
by iteratively selecting a new push direction at constant low-
height that minimizes object rotation. This way, the line of
action that passes through the 2D CoM projection can be
found. Performing a second push from another face of the
object yields a second line of action; the intersection of both
lines defines the 2D CoM. In the present study, we assume
that this planar CoM information is already extracted.

B. Sliding Condition

For pushing at a high height, such as shown in Figure
1(a), both sliding and tipping must be considered. The sliding
condition can be found by analyzing the force balance of the
rigid body system. All frictional forces have an upper limit
determined by the normal force magnitude N and the static
friction coefficient µs [26]. Incipient sliding occurs when the
force magnitude applied by the finger reaches this maximum
static friction threshold.

C. Tipping Condition

Pure tipping is defined by the instant where any vertex
of the support polygon breaks contact with the support
surface. Normal quasistatic tipping always occurs about the
surface contact(s) that are furthest from the pushed side.
The instantaneous axis of rotation defining the contact(s) are
henceforth referred to as the body’s pivot.

We can define the torque-balance equation generalized for
any rigid body tipped by an arbitrary external force:

τ push +τ grav = (ppush ×Fpush)+(pc×W) = 0 ∈ R3 (1)

We further define the following symbols, as illustrated in
Figure 1:

• {S} world coordinate frame and {O} object frame.
• ê ∈ R3 unit vector defining the tipping axis.
• θ ∈ [0, π) object angle about ê in world coordinate

frame.
• pS

O object frame position in the world coordinate frame.
• WO(θ) = R(-θ)WS object weight in object frame.
• pO

push(θ) = pS
push−pS

O fingertip position in object frame.
• R(θ) rotation matrix associated with object rotation θ.
• pc(x,y) projected planar CoM position in object frame.
• φ = ∠(pc,W) angle between CoM and weight vector.

These definitions can be substituted into (1):

pO
push × FO + pO

c ×WO = 0 ∈ R3 (2)

Equation (2) serves as the model upon which the unknown
parameters are estimated. Since the majority of the following



Fig. 1. Object being tipped by a finger applying external force Fpush in its (a) resting equilibrium phase, its (b) toppling equilibrium phase with zero pushing
force, and (c) the characteristic θ∗ associated with the object. θ∗ is found by visual sensing of the object’s pose at the toppling threshold. Important: All
vectors are defined and observed with respect to the object frame {O}, which is located along the pivot edge. α is the angle between applied force and
pivot vectors, while φ is the angle between the gravity and pivot vectors.

analysis is in the object local frame, unless otherwise notated,
all subsequent terms are with respect to {O}.

D. Mode Selection at Onset

During monotonic pushing, the first mode to appear is the
one whose balance equation is first satisfied. This is due to
the resistive sliding friction or gravity moment remaining
constant, while the applied force Fpush gradually increases.
Sliding occurs when:

∥Fpush∥ ≥ Fslide = µsN , where N is normal force.

Tipping occurs when:

∥Fpush∥ ≥ Ftip =
∥pc ×W∥
∥ppush∥ sinα

, where α = ∠(ppush, F ).

The inequality Fslide
?
≷ Ftip determines which mode will

occur first. When both are equal, a coupled slide–tip onset
occurs. While sliding force (Fslide) can be constant per object-
surface couple based on geometry, weight, and friction,
tipping force (Ftip) is a variable dictated by the push height
and push direction.
Toppling is the instant that the body’s CoM is directly above
the body’s pivot, when the CoM’s projection onto the support
surface coincides with the pivot. At this body angle, θ∗, the
system is in marginally stable equilibrium with zero pushing
force, and any infinitesimal perturbation causes a fall.
Backwards Tipping is only possible during dynamic push-
ing, if an impulse is imparted below the CoM. The quasistatic
pushing motion eliminates this possibility.
Feasibility: As Fpush is directed towards the pivot (i.e.,
α ⇒ 0), the applied moment falls to zero and thus tipping
cannot occur. Conversely, as Fpush becomes orthogonal to
the pivot (i.e., α = 90◦), tipping leverage is maximized. For
certain objects, especially those with low-height CoM and
wide bases, Ftip may be impossibly large under Coulomb
friction and achieving it may demand a tangential (vertical)

component exceeding contact friction limits at the fingertip.
We consider these objects effectively flat and do not explore
this infeasible tipping case.

E. Estimation of CoM z-coordinate

The tipping torque balance elucidates many characteristics
of the relationship between the applied external force and
the object’s tipping angle. Observe that the gravity torque
magnitude in (2) decreases as the weight vector and CoM
position vector approach collinearity (i.e., as φ ⇒ 0):

||pc ×R(-θ)WS || = ||pc|| · ||WS || sin(φ)

Note: φ is a purely object-specific parameter influenced only
by the object angle θ.

As a result, to maintain quasistatic torque balance, with
ppush ̸= 0, the magnitude of the fingertip force, ||Fpush||,
must in turn decrease:

lim
φ→0

||τ grav|| = lim
θ→θ∗

||Fpush|| =
[
0 0 0

]⊤
(3)

The payload’s angle at this toppling threshold is referred
to as the toppling angle, θ∗. Given that variables Fpush,
ppush, and θ are all measurable, only unknown constants
remain: CoM height and mass (zOc ,m). Equation (2)
provides two methods of estimating these parameters.

1. Geometric computation: Observing Figure 1(c), the
toppling angle θ∗ can be experimentally determined by
leveraging the relationship in (3) via measurement of the
toppling angle at which gravity torque drops to zero. The
CoM height can then be found by geometric analysis:

zc =

√
x2
c + y2c

tan θ∗
(4)

and the mass can be determined by solving the torque
balance for WS = [0, 0,−mg]⊤ analytically or through
numerical methods.



Fig. 2. Full toppling procedure using the box object, which is tipped through the toppling threshold, at which point the object topples over onto the table
surface. Our shape-independent force-based approach successfully infers parameters despite the object’s clear appearance, which makes shape detection
difficult by vision.

2. Physics-based curve fit: By collecting various (Fpush , θ)
coupled datapoints, we can use regression on our model in
(2) to extract the unknown parameters, zc and m, that best
match the measured data. Our subsequent experiments aim
at determining these values and make use of both geometric
and curve fit methods.

F. General Procedure

The robot executes a controlled push experiment at a
low constant velocity to induce quasistatic tipping of the
object. Each trial consists of a single quasistatic push–retract
interaction from which the inertial parameters are estimated:

1) Use the planar CoM projection (xc, yc) to select a
pushing location at the top of the object that maximizes
tipping leverage while avoiding sliding.

2) Apply a quasistatic horizontal push and retract cycle to
the object at a constant height.

3) Record the coupled force–angle trajectory (Fpush, θ)
throughout the tipping motion.

4) Perform signal conditioning on force trajectories using
a cascaded median and Savitsky-Golay filter to sup-
press high-frequency noise while preserving transient
tipping characteristics.

5) Perform a first-order linear regression on the filtered
dataset to derive a heuristic estimate of (zc,m), which
serves as a warm start for the subsequent optimization.
Outliers are rejected using median absolute deviation
(MAD) from the linear fit.

6) Refine the parameters using model-based nonlinear
least-squares (NLS) applied to the coupled (F, θ) man-
ifold to extract the underlying physical parameters.

Although contact friction is not explicitly modeled in (2),
its influence is reduced through a single push–retract cycle.
The reversal of motion induces a corresponding reversal
in frictional direction, producing a characteristic hysteresis
in the measured force–angle trajectory. By combining both
the push and retract segments for regression to the model,
friction-induced bias is effectively canceled, yielding param-
eter estimates robust to unmodeled frictional effects.

G. Sub-Critical Single-Push Estimation

Observing Figure 2, reaching the toppling threshold is
undesirable in practical manipulation settings, as θ∗ corre-
sponds to a state of marginal stability. Operating near this

condition increases the risk of uncontrolled toppling and
potential damage to the object or environment. To ensure safe
interaction, we instead enforce a sub-critical tipping policy
in which the object is intentionally kept below the toppling
angle, i.e., θ < θ∗.

In practice, θ∗ is a latent parameter unknown a priori. It
would be impractical to first topple an object to identify
its toppling angle only to avoid that state in subsequent
interactions. Instead, we exploit the monotonic force-angle
coupling: within the quasistatic regime, the force magnitude
provides a reliable proxy for proximity to θ∗. We regulate
the interaction by constraining the measured force, Fpush, to
lie within a bounded admissible envelope Fadm:

Fpush(θ) ∈ Fadm, where Fadm = {Fpush|Fsafe ≤ Fpush ≤ Fmax}.

Here, Fmax denotes the peak interaction force magnitude
observed at initial contact, while Fsafe is a tunable safety
floor. The value of Fsafe is selected according to application-
specific safety requirements.

To study the effect of this constraint, we parameterize the
safety threshold using the dimensionless safety margin ηsafety:

Fsafe = ηsafetyFmax, ηsafety ∈ (0, 1).

This formulation enables geometry-agnostic comparison of
estimation performance across objects and safety margins.

IV. EXPERIMENTS, RESULTS, AND DISCUSSION

Experiments were conducted using an ABB IRB120 indus-
trial manipulator equipped with a rigid 3D-printed fingertip
that provides point contact with the object. The robot pri-
marily pushes in the +x direction while interaction forces are
measured using a wrist-mounted force/torque sensor. Visual
feedback is obtained utilizing a fixed web camera, which
observes the object pose from an AprilTag affixed to the
object. This configuration provides synchronized measure-
ments of the applied wrench and object response required
for parameter inference. All model fitting was performed on
an Intel Core i7-13700H 14-core processor.

We used a reference object to validate the efficacy of
our approach. It is a hollow acrylic rectangular prism with
its CoM located at the geometric centroid. This object is
henceforth referred to as the Box object.



Fig. 3. Experiment: Live raw data stream for a representative sub-critical
tipping trial (ηsafety = 0.1) of the reference box object. Measured hysteresis
between phases captures frictional direction reversal, while the object
angle changes during quasistatic tipping. Applied torque is calculated from
measured force and finger position. A small spike in force is noted around
ten seconds due to imperfect box surface characteristics.

Fig. 4. Experiment: Torque-angle model fit for the box object at ηsafety =
0.1. Changing friction direction causes push/retract phase offset. The fitted
parameters (zc,m) align with the expected force decay as θ → θ∗.

TABLE I
EXPERIMENTAL ESTIMATE ERRORS FOR BOX (ηsafety = 0.1).

m (kg) zc (cm) θ∗ (deg)

Ground truth 0.658 14.624 17.532
Push phase 0.622 14.71 17.435
Retract phase 0.660 14.48 17.700
Mean 0.641 14.594 17.566

Absolute error -0.017 -0.030 0.034
Relative error 2.618% 0.205% 0.195%

A. Box Reference Object Sub-Critical Tipping

We first evaluated estimation accuracy under sub-critical
tipping using the reference box object. A liberal safety margin
of ηsafety = 0.1 was selected to approximate the conditions of
the full-toppling validation while ensuring that the interaction
remained strictly below the toppling threshold. Figure 3
shows the raw measured force and angle time profiles.

Figure 4 demonstrates the corresponding fit and reveals
a clear separation between the push and retract segments
of the trajectory, arising from direction-dependent friction at
the finger–object contact. Table I lists the sub-critical tipping
errors, which are low across all estimated parameters. The

Fig. 5. Objects used for experiments. Box (a) and heart (b) objects are
designed and 3D printed. Flashlight (c) and monitor (d) are everyday objects.
The rear face of the box was colored orange to improve contrast for the
reader; the approach is unaffected by this visual change.

TABLE II
GROUND TRUTHS FOR EACH OBJECT.

m (kg) zc (cm) θ∗ (deg)

Box 0.658 14.624 17.532

Heart 0.219 9.800 23.984

Flashlight 0.336 9.656 15.126

Monitor 5.040 23.201 14.748

push and retract segments individually bracket the ground-
truth values due to frictional bias, while their combined
estimate provides the most accurate result. This behavior
is consistent with the expected hysteresis structure of the
interaction and confirms that reliable CoM height and mass
estimates can be recovered without approaching toppling.

Having established accurate performance on the reference
object under sub-critical conditions, we next evaluate the
method on previously unseen objects with varying geometries
and contact properties.

B. Application to Unknown Objects of Different Geometries

Figure 5 shows the candidate objects on which we evaluate
the proposed method, including the reference box object. The
remaining three objects are a heart-shaped prism, a handheld
flashlight, and a computer monitor. All four candidate objects
each exhibit distinct geometries, frictional characteristics,
mass distributions, and contact profiles.

We first determined the ground truth dimensions and
parameter values of these objects, as shown in Table II. The
mass was measured with a weighing scale, while zc was
determined by leveraging the technique described in [27],



Fig. 6. Absolute error in mass, CoM height, and toppling angle for all tested objects as a function of the safety margin parameter ηsafety. Each box plot
aggregates results from each of the four objects for a particular safety margin. Errors increase with conservative safety settings due to reduced observability
near the toppling threshold, though performance remains within acceptable bounds for practical manipulation.

Fig. 7. Relative error in mass, CoM height, and toppling angle for each object at varying safety margins. Mass estimates remain consistently stable across
settings, while CoM height and toppling angle exhibit increased sensitivity to truncated trajectories. (*) The flashlight object at ηsafety = 0.1 lacks a valid
estimate due to instability induced by its curved base, illustrating a failure mode of tipping-based inference.

wherein the object was placed at the edge of the support
surface until tipping was first detected. Then, the distance
from the object frame {O} to the surface edge was measured
for the given CoM axis. This was repeated for all three axes
to calculate the ground truth CoM.

Figure 6 summarizes the aggregate absolute errors. The
single push–retract estimation procedure was applied to each
object without modification besides push height selection.
The individual raw trajectories and fit plots are omitted for
brevity. Overall estimation performance is shown in Figure 7.

Table III lists the estimation convergence time and the
push-retract cycle time for each object-safety-margin pair.
Although we do not optimize for convergence time in the
present work, and we utilize identical push speeds across all
objects, there are methods to improve these rates, which we
discuss in Section V. We would expect there to be a positive
correlation between cycle time and θ∗ since the object would

TABLE III
FIT TIME AND PUSH–RETRACT COMPLETION TIME PER OBJECT AND

SAFETY MARGIN.

Object ηsafety Fit (ms) Cycle (s)

Box
0.1 12.08 22.583
0.5 6.91 12.739
0.65 5.83 8.829

Heart
0.1 11.74 19.225
0.5 6.84 6.632
0.65 4.90 6.434

Flashlight
0.1 - -
0.5 5.14 7.084
0.65 4.81 5.217

Monitor
0.1 14.51 31.566
0.5 9.06 19.931
0.65 8.20 15.624



seemingly reach its toppling threshold sooner at lower values
of θ∗. Instead, we observe a positive correlation between
cycle time and object mass; the lighter objects had quicker
push–retract cycles.

This behavior is explained by the safety-limited admissible
envelope. The push phase is terminated when the applied
force reaches a fraction Fsafe = ηsafetyFmax, where Fmax cor-
responds to the force at incipient tipping. Since the resistive
torque scales with the object weight, heavier objects require
larger applied forces before the safety condition is met. Under
identical push velocities across objects, this results in longer
force build-up durations and therefore longer push–retract
cycles. Consequently, cycle time is governed primarily by
mass-dependent force thresholds rather than by the tipping
angle θ∗ itself.

Two consistent trends emerge across objects and safety
margins. First, mass estimates remain comparatively stable
across the tested range of ηsafety, while zc and θ∗ exhibit
greater sensitivity to truncation and measurement noise. This
behavior is expected: mass recovery depends primarily on the
magnitude and slope of the measured wrench trajectory (as
reflected in W(θ) in (2)), which is observable throughout
the interaction. In contrast, zc depends more strongly on
accurate inference of θ∗ and is therefore more sensitive to
early truncation of the trajectory. Additionally, across all but
one experiment (monitor ηsafety = 0.65), θ∗ estimates exhibit
lower error than zc. This is caused by the fact that our
coupled force-angle data is actually directly measuring the θ∗

value, whereas the parameter estimation is extrapolated from
this data. Therefore errors are amplified during the indirect
estimation of zc.

Second, the safety margin ηsafety induces a clear tradeoff
between safety and accuracy.Conservative settings (larger
ηsafety) terminate the interaction earlier, reducing risk but
limiting the extent to which the data capture the characteristic
force decay as θ → θ∗. Under these conditions, θ∗ must be
inferred primarily through extrapolation, which can amplify
error in zc. More aggressive settings (smaller ηsafety) allow
deeper tipping and improve parameter estimation under ideal
conditions, but also increase exposure to non-ideal behaviors
such as pivot-edge transitions, intermittent slip, or local
compliance that violate quasistatic assumptions. This trade-
off is reflected in the object-dependent performance spread
observed in Figure 7.

The flashlight and heart objects had the lowest height and
weight. These features cause Ftip to be relatively smaller
according to (1) and thus provide fewer data upon which
to fit. This aspect is exacerbated at high safety margins (e.g.
ηsafety = 0.65) where the data is truncated further.

Across all tested objects, no single ηsafety value is uni-
versally optimal. While multi-push strategies could be used
to adaptively select a safety level by comparing estimates
obtained at different margins, such a procedure would reduce
efficiency and may be impractical in many applications. In
practice, selecting ηsafety according to object class or task
risk tolerance provides a more realistic operating strategy.
For these experiments, values ηsafety < 0.65 produced usable

Fig. 8. Flashlight object failure mode: low safety margin (ηsafety = 0.1)
causes flashlight to swirl around its circular base, despite the finger line of
action appearing to pass through the planar (xc, yc) CoM. Finger moves
towards the right with sequence (a), (b), (c).

trajectories, while larger values truncated interaction too early
to support reliable fitting.

Figure 8 demonstrates a failure mode encountered when
tipping an object with a curved base. The flashlight object
at ηsafety = 0.1 is particularly prone to instability, and does
not yield a valid estimate. Its round edge produces shifting
contact geometry during tipping, introducing yaw motion
and instability near the toppling region, violating the fixed-
pivot assumption of the model. This failure mode motivates
more conservative safety settings for such geometries at the
expense of estimation accuracy.

The attached video shows tipping processes in our exper-
iments and validation results (Figure 9).

V. CONCLUSIONS

This work introduced a force-guided and vision-assisted
active perception strategy for estimating the full three-
dimensional centers of mass of previously unseen objects
through controlled sub-critical tipping interactions. By ex-
ploiting the monotonic coupling between applied force and
object angle during quasistatic tipping, the proposed method
recovers CoM height and mass without requiring destructive
toppling or multiple tipping configurations. Unlike prior
approaches that rely on repeated near-marginal tipping or
stable grasping, the presented framework enables parameter
inference from a single controlled push while maintaining a
configurable safety margin.

Experimental results across both simulated and real robotic
trials demonstrate that sub-critical tipping provides sufficient

Fig. 9. Validation of best CoM height estimates. Each object placed on small
edge pivot at estimated CoM height, with weighing scale placed level with
pivot. Lower measured weight indicates better CoM estimate. The measured
results validate the computed results in the paper.



observability for reliable estimation. Across the range of
objects and safety margins tested, mass and CoM height
estimates remained generally stable with low errors. These
results highlight a fundamental tradeoff between safety and
identifiability, suggesting that moderate safety margins can
achieve sufficient accuracy without exposing objects to un-
stable equilibrium conditions.

This work establishes sub-critical tipping as a practical and
safe mechanism for 3D inertial parameter inference in non-
prehensile manipulation.

However, the method can be further improved to address
its current limitations. First, the failure cases revealed clear
conditions under which tipping-based inference becomes less
effective, such as curved or unstable object bases without
sharp edges. Adapting the push direction could provide
remedies.

Cycle time per object could be improved by a higher
or varied push speed while maintaining quasistatic object
motion. The fit convergence time, could also be improved by
increasing the signal-noise ratio in the force measurements.

A further refinement would be autonomous selection of
informative push configurations, removing the reliance on
AprilTags and the fixed-known pivot edge. Additional large-
scale evaluation across diverse object sets will certainly be
beneficial. Ultimately, we aim to develop a unified framework
in which robots actively probe objects through safe physical
interaction to infer inertial structure in real time, enabling
more reliable manipulation in unstructured environments.
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