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Abstract— This work introduces an analytical approach for
detecting and estimating external forces acting on deformable
linear objects (DLOs) using only their observed shapes. In
many robot-wire interaction tasks, contact occurs not at the
end-effector but at other points along the robot’s body. Such
scenarios arise when robots manipulate wires indirectly (e.g.,
by nudging) or when wires act as passive obstacles in the
environment. Accurately identifying these interactions is crucial
for safe and efficient trajectory planning, helping to prevent
wire damage, avoid restricted robot motions, and mitigate
potential hazards. Existing approaches often rely on expensive
external force-torque sensors or that contacts occur at the
end-effector for accurate force estimation. Using wire shape
information acquired from a depth camera and under the
assumption that the wire is in or near its static equilibrium, our
method estimates both the location and magnitude of external
forces without additional prior knowledge. This is achieved by
exploiting derived consistency conditions and solving a system
of linear equations based on force-torque balance along the
wire. The approach was validated through simulation, where it
achieved high accuracy, and through real-world experiments,
where accurate estimation was demonstrated in selected inter-
action scenarios.

I. INTRODUCTION

Force feedback of robotic interaction with wires can be
useful for trajectory planning or implementing safety con-
ditions during collisions [1]-[5]. In many such scenarios,
the robot does not directly grasp or manipulate the wire —
for example, when a robotic arm nudges a wire into place.
In other cases, wires serve merely as passive elements or
environmental obstacles that the robot must navigate around.
A clear example of these cases can be found in car manu-
facturing plants [6] and medical suturing applications [7].
For the case of a robot arm, a common robotic manipulator
for wires, force sensors are generally mounted on the end-
effector. This allows for interaction forces of an end-effector
gripper with a wire to be easily recorded. The problem
arises when robot-wire interactions do not happen at the end-
effector but instead at other locations along the robot arm.
These interactions must be considered because they could
lead to restricted or potentially dangerous movement of the
robot. Too much tension in the wires could lead to breakages
of the wires in the environment. If it is not the wire that
breaks, the robot arm could become caught and generate
excessive torque, leading to both safety hazards and potential
motor damage. Understanding these interaction forces will
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Fig. 1. Overall Force Estimation Process. Rowwise from top left to bottom
right: Real image of experiment, depth information, segmentation mask
of wire, and final smoothed wire shape with actual and estimated forces
(arrows: red - estimated end-clamp force, black - actual force, green -
estimated external force).

allow robots to plan their trajectory based on expectations of
how a wire would react to its immediate movement.

For this reason, we introduce an algorithm which estimates
the forces on a wire based on its shape. From here we will re-
fer to the wire as an elastic rod. Our work derives consistency
conditions, based on force torque balance equations, which
determine if sections of an elastic rod in static equilibrium
belong to the same undisturbed section where no external
interaction forces are present between them. With the section
classification and knowledge on the internal stiffness torques
of the elastic rod based on the discrete elastic rods (DER)
model [8], directions and magnitudes of external forces on
the rod can be solved for. Due to the indeterminate nature
of the problem (explained in Section IV-B.2), the algorithm
proceeds by either assuming zero external torque and solving
for the force positions, or by assuming that forces are applied
at the midpoint of each section and solving for the resulting
external torque. A solution to obtain both torques applied
and force positions is by detecting collision points along the
wire in the real image and identifying their positions visually,
although this method will not be discussed in our work. We
observe that our approach is closely related to existing pro-
prioceptive sensor-based force and collision estimators [9]—
[11]. However, prior work primarily applies these methods to
robotic arms, where accurately localizing contact forces and
estimating their magnitudes remains challenging. In contrast,
our method transfers this idea to the wire, leveraging the
internal torques of an elastic rod as a proxy for proprioceptive
sensing within a similar estimation framework. The inherent



discretization of the wire allows for more accurate force
localization and estimation.

Contributions of the paper

The contributions of this paper are twofold. First, we
formulate a set of novel consistency conditions to estimate
the positions of external interactions along an elastic rod in
static equilibrium (Section IV-A). Prerequisite assumptions
are also stated to ensure the problem is not underdetermined.

Second, using the positions of interactions, parameters of
the force and torque can be solved for using a system of
linear equations derived from the force-torque balance in
each discretized rod piece (Section IV-B). Due to the nature
of the problem, one can either solve for the external torque
applied or the exact positions of force application, the former
requiring an assumption of force application being at the
center of mass of the discrete piece, and the latter with the
assumption that there is no external torque applied at that
discrete piece.

II. RELATED WORKS

Robotic manipulation of Deformable Linear Objects
(DLOs) increasingly emphasizes force sensing and control
to overcome limitations such as unknown object properties
and visual occlusions. Robots operating in complex or un-
structured environments require sophisticated capabilities to
safely interact with their surroundings, particularly concern-
ing detecting physical contact and understanding interaction
forces.

A. Force Control for DLO Manipulation

Foundational work investigated characteristics in force
signals for detecting contact state transitions between a DLO
and rigid obstacles [1]. Research reveals that the set of all
static equilibrium configurations for a Kirchhoff elastic rod
constitutes a smooth manifold of finite dimension that can
be explicitly parameterized by moments and forces at the
elastic rod base [12], and its free configuration space is path-
connected [13]. This significantly simplifies and enables the
construction of gripper paths for manipulation planning of
DLOs. Complementary methods focus on estimating DLO
shape or contact information primarily from force/torque
sensing, achieving real-time 3D shape estimation of elastic
rods via a discretized Kirchhoff elastic rod model with
gravity compensation [3], [14], or by keeping the DLO
under tension for contact inference and primitive execution
[4]. Another method is to learn force-based manipulation
skills from demonstrations for variable-impedance control,
enabling tasks like knot-tightening despite challenges in
capturing accurate force profiles [2].

B. Contact Detection and Force Estimation

External tactile sensors can detect contact directly but
are expensive to integrate [15]-[17]. To that end, it was
found that proprioceptive sensors of the robot can be used
for contact detection [18]-[20]. Two main issues faced
when using proprioceptive sensors to detect collisions are
the system dynamic modeling inaccuracies and the noise
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from proprioceptive sensors [21]. These problems affect the
accuracy of the estimated external joint torques and could
lead to false positives in contact detection.

Simpler robot models are generally successful in force
estimation [22], some integrating visual information as a
tool [23]. Difficulties in modeling the non-linear dynamics
of the whole robot arm has led to the utilization of a model-
based Kalman filters with motor signals [9], an Extended
Kalman Filter torque fusion method [10], and a model-free
learning-based neural network approach [11]. Such methods
require accurate calibration in the event of modifications
to the robot structure which affect its dynamics [24], [25].
Although these works showed some success in estimating
the direction, magnitude, and position of external forces,
they require additional assumptions such as having only one
external contact point [26], or that the contacts are applied
sequentially [27], due to the underdetermined nature of the
problem. The handling of numerous contacts is still a prob-
lem that demands attention. This idea of contact detectability
has been discussed in-depth [28], in which small motions that
most effectively falsify spurious contact positions have been
found. Vision and depth sensing has been utilized in a GPU
parallel processing algorithm to effectively determine contact
points on a robot arm and react accordingly [29].

Prior work on shape-based force estimation spans sim-
plified, numerical, and probabilistic formulations. Planar
Cosserat rod models have enabled real-time tip force esti-
mation without physical sensors, though restricted to 2D set-
tings [30]. Constrained nonlinear optimization has been used
to fit large-deflection 3D Cosserat models to observed shapes,
though experimental validation was primarily planar [31].
Gaussian-parameterized, EKF-based formulations later en-
abled simultaneous estimation of distributed load magnitude
and location under sparse sensing, at the cost of manual noise
tuning and increased computational latency [32]. Probabilis-
tic continuous-time Gaussian process methods have also been
proposed for joint or force-independent backbone estima-
tion [33], [34]. While these numerical approaches provide
flexibility and uncertainty modeling, they generally require
hyperparameter tuning and iterative solvers, motivating the
deterministic analytical formulation adopted in this thesis.

III. PROBLEM DEFINITION

In the following, we use the terms ‘elastic rod” and ‘wire’
interchangeably. We define a rod piece as a discrete section
between consecutive nodes of a discretized rod. A section
is then defined as a set of consecutive rod pieces that share
one or more properties. We classify pieces of a discretized
elastic rod into two section types (s-types): Undisturbed
(UD) and Disturbed (D). A UD section is defined as a set
of consecutive discretized rod pieces to which no external
disturbances are applied. A D section is defined as a set that
has at least one disturbance applied to one or more of its
pieces. An elastic rod is discretized into n = nyp +np pieces
where ng.ype is the total number of s-type pieces (s-type
being either UD or D). N = Nyp + Np is the total number of
sections and Nj.type is the number of s-type sections. Each



piece edge in the discretized rod is defined as ' = x; | — x;
where X; is the Cartesian position of the i —th node. Each D;
(the j* D section) has a set of external force-torque, {f/, 7/},
where 0 < j < Np. Theoretically, our method should be able
to detect all force disturbances on an elastic rod provided it
fulfills the following condition:

« Quasistatic motion: Elastic rod must be in static equi-
librium or quasistatic motion. This forms the basis
of our method and allows us to derive the equations
required.

Cardinality: Rod must be sufficiently discretized. For
UDj, the number of pieces is such that Nyp, > 3. This
ensures that a necessary and sufficient condition can be
formed to classify pieces.

Non-collinearity: Letting UD; = {v{,v2,...,v,} be the
vectors of the UD pieces, there exist distinct vectors
Vi, V;,Vr € V such that no two are parallel. This ensures
the problem is not underdetermined. To provide an
intuitive example: shape of a completely taut wire does
not visibly change in response to variations in external
force, making it impossible to visually infer the exact
force magnitude (assuming negligible axial stretching).
Perfect elasticity: Rod behavior closely follows the
elastic rod theory used. This ensures that the classifi-
cation and force estimation is accurate.

While our proposed method is tested with straight isotropic
rods for implementation simplicity, the pipeline is rod-model
independent and can handle both bent and anisotropic rods.
Axial stretching of the wire is assumed to be negligible,
which is typically the case for most robot-manipulated wires.

A. Elastic Rod Theory

Before the estimation of external forces and torques can
occur, one would have to provide an accurate elastic rod
model to compute the internal torques within the system.
For our work, we have chosen to use the discrete elastic rods
(DER) theory [8], which has been implemented as a plugin
in MuJoCo [35]. Additionally, we estimate the material
properties of the wire with a simple parameter identification
pipeline [36].

IV. FORMULATION

The total torque on piece i of the discretized rod is

—co=Io

ey

where I is the second area moment of inertia, o is the angular
acceleration vector, c@ is the damping torque, and T, ,
is the overall torque on piece i, excluding damping torque.

When the rod is in static equilibrium, o =0, cw = 0.

i
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where F' = Yiica, £/ such that G; is the set of all external
forces belonging to D sections after piece i (i.e., D sections
containing pieces with index > i). This means that FK = F!
if k and [/ belong to the same UD section. fci and 7. are
respectively the external force and torque on piece i and are
equal to O if i belongs to an UD section. a’ = p; — x; = re'

Tﬁatal - (ei X Fi) + (ai X fci) +’L’Ci+ci =0,
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Fig. 2. Simplified 2D diagrams describing the variables used in the
formulation of our method: Undisturbed (UD; top; i = 5) and disturbed
(D; bottom; i = 3) sections. The color of the pieces represents: black ends
- fixed nodes, grey - D pieces, other colored - UD pieces.

where p; is the point of application of f/, and r € [0,1] C R.
Essentially, e x F' is the torque induced by external forces
acting on the D sections downstream of (i.e., with higher
index than) piece i, and a’ x f.' is the torque induced by
external forces acting on the section that piece i belongs to.
¢ = Tj' — 7', where ¢ is the stiffness torque applied on
piece i by its adjacent pieces (not to be confused with unbold
c), and T;,' is the internal stiffness torque applied by piece
i—1 on i. Simplified diagrams including the variables used
is shown in Figure 2.

Note that the effects of gravity are included by adding the
torque effects of gravity from the side which Fy is acting
(i.e., adding ((n—i—0.5)e') x wpp to ¢/ where wpp is a
3-vector describing the weight per piece of the discretized
wire). In favor of improved readability, the gravity term is
hidden in later formulations but present in the source code
and experiments.

A. Identifying Positions of Disturbances

Suppose two pieces i and i+ 1 belong to the same UD
section, the following equations must be consistent.
e xF =—¢
et Fitl — _¢itl

3
“

Knowing F' = F'*!, we arrive at the first consistency con-
dition (condition A) which states that e’ - ¢! +e/!. ¢l =
0. This is a necessary condition to conclude that these
adjacent pieces belong in the same UD section. To check
for sufficiency, we investigate the case of piece i belonging
to an adjacent D section.

e xF +a xf/+1/=—c

&)



Using triple vector product rule on (4) and (5), we get
f.i. (ei+1 % ai) teitl.i=— (ei_ci+1 +eitl _ci) )

Knowing that RHS of (6) = 0 and e*!' x a’ # 0 (non-
collinearity condition), we find that the consistency condition
can be fulfilled in two cases. The first is when ./ = 0, which
confirms that pieces i and i+ 1 belong to the same UD
section. The second is when f.'- (¢/*! x a’) = 0. Since a’ || ¢/,
this means that condition A can be fulfilled even when the
two pieces belong to different sections as long as f¢' lies in
the plane spanned by e’ and e*!, and 7./ L e’*!. Therefore,
condition A is not a sufficient condition.

To establish a sufficient condition for pieces to belong to
the same UD section, we must check the consistency of 3
adjacent pieces.

9x3 . i1 iin T
Given A; = [[e’] et e ]X} 7
9x1 . . .
and C; =—[c" ! c’*z]r, (8)
where [e],, is the skew symmetric of 3-vector e.

We solve for F* = argmin||AF — C||§ using least squares.
F

F*=A'C ©)

where At = VETUT is the pseudoinverse of A arrived at
from the singular value decomposition (SVD) of A = ULV’
The second consistency condition is evaluated by comparing
the residual of the above equation (res = |AF* — C||%) to a
manually designed threshold (res < thresp). This is termed
condition B — a necessary and sufficient condition to con-
clude that the pieces involved belong to the same UD section.

B. Estimating External Disturbances

After we have classified the discretized wire pieces into
their D and UD sections, we solve for external disturbances.

1) Estimating External Forces: It is interesting to note
that it is not possible to solve for forces with only one UD
piece e x Fi = [ei] o -Fi = —¢!, as the skew-symmetric of a 3-
vector is maximally rank 2, resulting in an underdetermined
problem. As such a minimum of 2 pieces is required. For
pieces belonging to the same UD section, the F* values from
the classification step are averaged to arrive at Fg.

As the wire consists of alternating D and UD sections, the
force on section D; can be calculated as

) =Fk —Fg+f] (10)

such that k and / belong to consecutive UD sections separated
by D;, k <1, and f;é = np; X Wpp is the force contribution
due to gravity.

2) Estimating External Torques or Force Positions: The
torque at each D section is determined by

o, = (eh < )+ (ah < ¥) +ch+e, (D)
such that e‘Ii) = X; —X; where k and [/ are the pieces on the
two ends of section D; and k > [. af, = p; —x; where p;

is the point of application of the external force f/. ¢l is
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the stiffness torque applied on D; by the UD pieces just
adjacent to section D; (gravity contributions can be added to
this term). Assuming static equilibrium, overall torque 7p; =
0.

The problem is indeterminate because there is only one
equation with two unknowns: force position (p;) and external
torque (t/).

There are three possible solutions following this. The first
two solutions either use (1) a known position of external
force application p; or (2) assume the force is applied at the
mass center of the D section (p; = (x¢ —X;) /2) to compute
the external torque 7/.

The third solution assumes that torque acting on the D
section is 0 (7/ = 0) and compute the exact point of external
force application p; on the D section.

The results from our real-world experiments utilize the
second solution (p; = (Xx —X;) /2), as the scope of our work
is limited to force prediction. Estimating torque would re-
quire capturing internal twist from RGB-D data — a problem
that remains an open challenge in the field.

V. SIMULATION EXPERIMENTS

A wire was clamped at two points 50cm apart along the
wire length, held 30cm apart horizontally with the excess
left to dangle. Perfect knowledge of wire stiffness values was
assumed. The environment used an adapted DER model [36]
to simulate bending and twisting behaviors and compute
internal stiffness torques, with the algorithm taking only the
wire’s pose as input. Wire twist was captured via API, a
capability unavailable in real experiments. Sample results
are plotted in Figure 5, with a video available at https:
//youtu.be/fAAVQuUVOg4Y.

Fig. 3. Screenshots of force estimation simulation experiments. Forces
are applied through the interactive user visualization window (left) or the
API (right: multi-contact scenario). The actual (black) and estimated (green)
forces are shown (overlapping).

Additional simulation experiments were conducted to
measure computational performance. Results are plotted in
Figure 4 and discussed in the following sections.

A. Computation Time vs. Number of Discrete Pieces

Solver call times were evaluated across configurations
discretized into n € {10,20,30, 50, 100, 150} pieces, with two
sinusoidal forces of magnitude TZN rotating in the yz-plane
at 0.1Hz, n/2 rads out of phase, applied at the one-third
and two-thirds points. Each simulation ran for 20 seconds
(~ 1000 function calls). Computation time increases linearly
with npjeces (Figure 4A), indicating that computational cost
does not grow unreasonably at higher resolutions. Even at
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Fig. 4. Simulation experiments for computation speed against: number
of pieces (A) and number of contacts (B), along with the corresponding
standard deviation of results.

Npieces = 150, the solver remained within practical bounds
for real-time applications (< 1/30s).

B. Computation Time vs. Number of Contact Forces

Using a fixed discretization of npjeces = 50, the number
of simultaneously applied forces was varied across ngorces €
{1,2,3,4,5}, distributed evenly along the wire. Each force
rotated sinusoidally at 0.1 Hz with magnitude 4N, with con-
secutive forces offset by 27 /ngorces rads. The near-constant
computation time across contact counts (Figure 4B) suggests
that multi-contact scenarios introduce negligible additional
computational overhead.

C. Quasistatic Assumption

Force estimation performed better under less wire move-
ment, as expected from the quasistatic assumption. Visual
observations suggested reasonable stability even under sig-
nificant motion, though quantitative investigation remains for
future work.

VI. PHYSICAL EXPERIMENTS
A. Experimental Set-up

The set-up followed the simulation experiments. A Denso
VS-060 robot arm was fitted with a force-torque sensor at
its end-effector along with a custom wire clamp attachment.
The robot arm was used to manipulate the wire first at its
midpoint and then at a 7cm offset along the wire length from
its center. Actual force readings were recorded with the force-
torque sensor and filtered using a Chebyshev filter. Due to the
limitation of capturing internal twist from visual and depth
information, our results assumed a zero-twist configuration
of the rod, focusing solely on force prediction and not torque
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Fig. 5. Simulation experiments for force estimation. Two simulation
experiments were carried out: S1 shows the force estimation for varying
force magnitude and direction on disturbances at the center of the wire
length. S2 shows the estimation of force position when the point of
force application was varied. The solid and dotted lines are the actual
and estimated data, respectively. Video of the experiments found here:
https://youtu.be/fAAVQuVOg4Y.

estimation. Although gripper movement would introduce ex-
ternal torque on the wire, this did not affect force prediction,
as the force prediction and torque estimation parts of the
pipeline were separate. The result was still a prediction of
the external force from the gripper on the wire.

The wire shape was obtained through the pipeline pre-
sented in [37], leveraging GROUNDED-SAM, a zero-shot
image segmentation framework, which we found to be
both easy to implement and accurate, with the drawback
of longer computational times (overall detection pipeline
takes 8s per 720p frame on an NVIDIA GeForce RTX
3060 Ti GPU). The wire was discretized into 60 pieces
after smoothing and interpolated into 30 discrete pieces for
further processing. For DLO smoothing, we used a trade-off
between the error from node displacement due to smoothing
(Psmooth) and the decrease in elastic potential energy in the
rod (Egecrease)- As long as J; > J;_| where i is the time step
and J = Egecrease — Mp * Psmooth, SMoothing continued. In this
work, we applied time stepping through the DER model
implemented in MuJoCo and included a plugin state which
provides the potential energy in the rod. The same model
was used to compute internal torques in the rod.

B. Results

The experiments were split into two main parts. Coordi-
nate frame of the experiment was defined as shown in plots



of Figure 6. For the first part (A), the wire was clamped to the
robot end-effector at its center (25cm along its length from
the left end) in its equilibrium position and moved into 6
different positions with pure translational motion (orientation
remains constant). Position displacement from the neutral
positions are shown in Figure 6. These positions were
selected for variety and the distance was chosen to ensure
the condition of non-parallel discrete pieces was fulfilled as
much as possible (to avoid an underdetermined problem).
The actual and estimated force vectors for experiment A are
shown in Figure 6. Vectors within each plot are shown to
scale relative to each other, but their scales are not consistent
across different plots.

For the second part (B), the wire was clamped to the robot
end-effector at a 7cm offset along the wire length from
its center (18cm along its length from the left end) in its
equilibrium position and moved into 4 different positions
with pure translational motion. The actual and estimated
force vectors for experiment B are shown in Figure 7.
Overall quantitative results for both experiments (A and B)
comparing the actual (F,.) and estimated (Fey) forces are
shown in Table 1. To evaluate the accuracy of the estimated
force Fegt compared to the actual force F,, we computed
several error metrics. To assess directional accuracy, we
computed the angle difference between the vectors. The
relative L2 error normalizes the L2 error by the magnitude
of the actual force, yielding W, where € is a small
constant added to avoid division by2 zero. Lastly, to evaluate
the spatial accuracy of the estimated point of application, we
computed the position difference between the estimated and
actual contact points as ||Pest — Pact||,, Where p is the position
at which the force acts.

TABLE I
QUANTITATIVE RESULTS COMPARISON FOR FORCE ESTIMATION

L

+
+
+
+

+Z-

x
+y S ¥

Experiment Relative L2 Err. (N) | Angle Diff. (°) Position Diff. (mm)
Al 0.2521 0.2225 8.242
A2 0.1364 0.1176 0.0006
A3 0.1522 0.1452 24.93
A4 0.8009 0.8887 8.278
A5 0.6218 0.2091 8.422
A6 0.4223 0.0367 3231
B1 1.0491 1.1323 3345
B2 0.1281 0.1103 33.32
B3 0.4021 0.4133 7.494
B4 0.9419 0.9235 30.67

C. Discussion

In scenarios A4, AS, B1, and B4, additional erroneous
forces were detected. For our analysis, we only compared
the largest magnitude force with the actual force sensed. The
relative L2 error and angle difference were generally lower
for single direction wire displacements, with the exception of
B1. Along with A4, A6, and B4, we found that displacement
and forces in the x-direction were not easily detected with
our method and caused larger relative L2 errors and angle
differences. For the cases of A4 and B4, the algorithm
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Fig. 6.  Visual results of force estimation for experiment A where the
wire was clamped at both ends and attached to the robot end-effector at
its center. The robot end-effector was fitted with a force-torque sensor and
moved into 6 different positions. The left column shows the real experiment
images (coordinates axes shown in first image) with Cartesian displacement
of the grasped point (below), and the right column shows the smoothed
wire shape along with the actual and estimated force vector (arrows: red -
estimated end-clamp force, black - actual force, green - estimated external
force). Note that the accuracy of end-clamp forces are not analyzed.
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Fig. 7. Visual results of force estimation for experiment B where the wire
was clamped at both ends and attached to the robot end-effector at a 7cm
offset along the wire length from its center.

seemed to dissect the forces and identify additional force
disturbances (other green arrows) which have an x-direction
contribution, but these were not considered in our analysis.

Interestingly, these forces which were difficult to detect
were those that act nearly tangentially to the wire. That could
be a hint that the algorithm in its current state is not suited to
accurately determine tangential forces due to its sensitivity
to pose error of the wire, and the wire physical properties.
This is in agreement with previous works which assumed
normal external forces to deal with high axial stiffness [32].

We speculate that force estimation errors likely result
from two main causes: the wire not having purely elastic
deformation properties and imperfect determination of wire
position using the depth camera. The latter can be solved
with improved detection capabilities. The former proves to
be a more complex issue and could directly affect our
results as the algorithm might recognize internal torque in
the wire where it is not actually present, requiring further
intense investigations into modeling of plastic deformations
in DLOs.

Estimations on the position of force application were all
below 40mm and yielded better results for experiment A
than B. This could be due to a displacement at the midpoint
of the wire A producing more deformation in the wire which
the algorithm is sensitive to.
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Although the experiments are conducted with wires ar-
ranged in a U-shape configuration to facilitate detection and
intuitive visualization, the proposed method generalizes to
arbitrary wire shapes and grasp configurations, subject to the
conditions outlined in Section III. Furthermore, while force
estimation accuracy is evaluated only at the end-effector, the
forces at both ends of the DLO are also estimated by the
model. To further validate the effectiveness of the proposed
pipeline in multi-contact scenarios, force sensors can be
installed at the two fixed ends to quantitatively assess the
estimated forces.

VII. CONCLUSION

In this work, we introduced an algorithm to estimate
external forces acting on an elastic rod based on its observed
shape. By deriving consistency conditions from static force-
torque balance equations, we identified undisturbed sections
of the rod where no external interactions occur. Leverag-
ing this classification and internal stiffness torque models
from the DER formulation, we solved for the direction
and magnitude of external forces. Simulation experiments
were conducted to characterize the solver’s computational
scaling with discretization resolution and number of simul-
taneous contacts. Results of physical experiments validated
the method’s effectiveness by comparing the estimated forces
against ground truth readings from physical sensors during
robot-wire interactions.

A. Limitations and Future Work

Throughout our experiments, we assume the wire behaves
in a purely elastic manner. Plasticity and potential hysteresis
in real wires affect the predicted forces. Future work can uti-
lize model-based [38] and model-free [39], [40] approaches
to incorporate plasticity and uncertainty into the model.

Currently, the wire detection pipeline uses an Azure Kinect
RGB-D camera along with a zero-shot image segmentation
model. This approach is potentially slow and noisy. Future
work could incorporate faster and more robust detection
pipelines to enable more precise wire state estimation, which
is critical to the success of our proposed method. This
remains an active area of research within the field of de-
formable linear object perception [37], [41]-[44].

Future work can study the sensitivity of our method to
position and parameter errors, and the effects of violating the
quasistatic condition. Further investigation could also assess
the pipeline’s robustness to rotational disturbances and more
contacts.
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