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Interactive Robotic Moving Cable Segmentation by
Motion Correlation

Ondřej Holešovský1, Radoslav Škoviera2, and Václav Hlaváč2

Abstract—Manipulating tangled hoses, cables, or ropes can be
challenging for both robots and humans. Humans often approach
these perceptually demanding tasks by pushing or pulling tangled
cables and observing the resulting motions. We follow a similar
idea to aid robotic cable manipulation. In this letter, we integrate
visual and proprioceptive perception to segment a grasped cable
by moving it even when the robot or the grasped cable sometimes
perturb neighboring cables. We formulate the cable interactive
segmentation problem in such a way that our methods do not
require robot arm segmentation masks. Furthermore, a novel
grasp sampling method can propose new cable grasp points
given a partial cable segmentation to improve the segmentation
via additional cable-robot interaction. We evaluate the proposed
motion correlation (MCor) method on data sequences recorded by
our physical robotic setup and show that the method outperforms
an earlier motion segmentation (MSeg) baseline.

Index Terms—Object detection, segmentation and categoriza-
tion, perception for grasping and manipulation, data sets for
robotic vision, cable motion, optical flow.

I. INTRODUCTION

MANIPULATING one-dimensional deformable objects
such as cables, hoses or ropes (henceforth referred to as

“cables” for brevity), especially when cluttered, is challenging
both for humans and robots. It is due to self-occlusions, high-
dimensional state space, uniform visual appearance, and com-
plex interaction dynamics. Imagine, for example, that a robot
should replace a specific damaged hose in the scene shown
in Fig. 1. There are passive computer vision methods [1], [2],
[3] for segmenting individual cable instances. However, these
methods struggle with occlusions or complex intersections of
multiple cables [4]. Novel methods are therefore needed.

We are inspired by the way humans interactively discover
the topology of cluttered cables. When humans find it too
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Fig. 1: The robotic setup. An RGB-D camera (left), a robotic
arm (middle), a task board with tangled hoses or a frame with
ropes (right).

hard to visually infer whether two cable segments are directly
linked, they grasp and pull or push one of them. The motion
visually distinguishes the grasped cable from the clutter. [4]
proposed a dataset and method for segmenting individual
moving cables when only one cable in the scene is moving. In
this work, we integrate visual and proprioceptive perception
to aid robotic cable exploration even when the robot or the
grasped cable sometimes perturb neighboring cables.

As our robots are too large to manipulate thin cables gently,
we recorded image sequences featuring ropes or garden hoses
being manipulated by a robotic arm. Fig. 1 shows the robotic
setup we used in our experiments.

The contributions of this letter include:

1) A motion correlation (MCor) method able to segment a
grasped cable by moving it in a cluttered environment
even when the cable or the robot sometimes perturb
neighboring cables.

2) A grasp sampling method which can propose new cable
grasp points given a partial cable segmentation to im-
prove the cable segmentation via additional cable-robot
interaction.

3) A formulation of the cable motion segmentation problem
which does not require robot arm segmentation masks.

4) An evaluation of the proposed methods on data se-
quences newly recorded by our physical robotic setup.

Section II discusses the related work. We introduce the
MCor and grasp sampling methods as well as the motion seg-
mentation (MSeg) baseline in Section III. Section IV presents
the implementation in a physical robotic setup, Section V de-
scribes the experiments and their results. Section VI discusses
the results and concludes the letter.

II. RELATED WORK

Existing interactive segmentation approaches have been
tested mostly on rigid objects. Several methods presented in
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the literature can segment cables passively from images [5],
[6], [3], [2], [1].

A. Cable perception

Cable segmentation is challenging because cables are often
of uniform appearance without distinctive features. Several
cable detection or segmentation methods in the literature
simplified the task by having a single cable in the scene [7],
[8] or by using color thresholding to segment the cables from
the background [7], [9], [10], [11], [12], [13], [14].

State-of-the-art passive cable instance segmentation meth-
ods Ariadne+ [6], FASTDLO [3], RT-DLO [2], mBEST [1]
often start with segmenting all the cables from the back-
ground in an image using a semantic segmentation neural
network such as DeepLabV3+ [5]. They find individual cable
instances in the foreground segmentation masks by processing
skeletonized cable segments or graph-based representations.
[3], [2], [1] did not report results for scenes with multiple
overlapping cables and severe occlusions and such scenes were
outside the scope of mBEST [1]. DLO3DS [15] estimated
the 3D shape of static cables from multiple views captured
by an eye-in-hand 2D camera. It relied on cable instance
segmentation provided by FASTDLO. In [16], a combination
of the Segment Anything large vision model with a post-
processing method outperformed [5], [3] in segmenting a
cable from the background. More recently, a Perceiver-inspired
architecture segmented cable instances in a color image given
a specific text-based prompt [17].

Classifiers or keypoint detectors can replace cable state es-
timation algorithms when task-specific human-labeled training
data is available [12], [18], [13], [19], [20]. They can propose
interaction keypoints, detect endpoints, classify knots, or refine
grasps. Nevertheless, most of these approaches assumed that
the cables were segmentable from the background by color
thresholding.

[21], [22], [23] tracked a cable across multiple video frames
given its segmentation in the first frame.

Our work exploits the motion of a cable of interest to
simplify the cable perception task, even in complex scenes
with multiple overlapping cables and severe occlusions.

B. Interactive segmentation

Interactive perception is the exploitation of forceful robot-
environment interactions to simplify and enhance perception
[24], [25]. Interactive segmentation [26], a more specific
category of interactive perception methods, interacts with the
environment and segments it into a set of movable objects
based on the observed motion. It is computationally efficient
and requires little prior knowledge about the environment.

Interactive segmentation usually needs a visual motion sig-
nal to segment the moving objects. We use dense optical flow
for interactive segmentation [27], [28], [29], [30]. Compared to
optical flow, intensity change detection [26] performs poorly
when the moved object and the background are of similar
color [28] or when multiple objects move [30]. We believe
that we cannot apply sparse feature tracking [29], [31] or rigid

object trackers [31] to most cables due to their uniform visual
appearance and deformability.

There are several ways to segment the objects from the
motion signals. Optical flow clustering [27], [30] followed
by the rejection of rotating objects and the segments not
overlapping with the initial gripper location [30] relied on the
rigid object assumption. Optical flow thresholding can segment
a rigid or deformable moving object when nothing else moves
in the scene [28], [4], e.g. when a passive segmentation method
segments the robot arm. Optical flow or object trackers can
also track segmentation hypotheses between image frames
[29], [31], [32], [33], [34]. The hypothesis representations used
for that are diverse. [29] proposed a probabilistic segmentation
framework to update an octree neighborhood graph, where
each node represented a voxel and each edge encoded their
similarity. [31] sampled segmentations from a segmentation
tree generated by Convolutional Oriented Boundaries. [32]
generated segmentation hypotheses with confidence estimates
by prompting the Segment Anything Model (SAM). [33]
tracked undersegmented passive instance segmentation masks
of rigid objects across multiple pushing interactions to ob-
tain more reliable segmentations. [34] performed interactive
rigid object segmentation while assuming that several points
could be tracked on each object and that an initial (un-
der)segmentation was available.

[4] contributed a new moving cable dataset automatically
annotated with optical flow and instance segmentation masks.
They also proposed several cable motion segmentation meth-
ods which assumed that only a single cable was moving in the
scene and that the segmentation masks of the arm moving the
cables were available.

The MCor method presented in this work only slightly
moves the grasped cable in different directions. It segments
the cable by correlating the robot gripper motion with the
cable motion measured by an optical flow estimator. MCor
uses multiple robot actions to segment the cable of interest in
the last frame of a recorded image sequence. Unlike [4], it can
segment the grasped cable from neighboring cables moving
due to perturbations. We also reformulate the interactive
cable segmentation problem to avoid the need for the arm
segmentation masks. We are not aware of any other method
addressing the same problem of interactive cable segmentation.

III. METHODS

The proposed method relies on the robot exploring a cable
by grasping it at one or more locations and performing
multiple actions at each location. Each action consists of a
symmetric linear movement, e.g., along to the cable axis.

The method records a data sequence of color images and
gripper positions. It divides the data sequence by action, such
that the images {Ia,k} and the gripper positions {ga,k} are
indexed by the action index a ∈ {1, ..., A} and the within-
action sample index k ∈ {1, ..., Na}, where A is the total
number of actions in the data sequence and Na is the number
of data samples of action a. To ensure spatially uniform
sampling, we subsample the images and gripper positions such
that ||ga,k− ga,k+1||2 ≥ δg , where δg is the minimum gripper
sample displacement.
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To segment moving cables, the MCor and MSeg methods
compute optical flow vectors ϕa,k(p) ∈ R2 for all discrete
image pixel locations p ∈ R2 between each image Ia,k
and the target image IA,NA

, which is the last image of
the last action of the recorded data sequence. The motion
segmentation/correlation methods express all the flow vectors
in the target image frame, such that ideally Ia,k(p+ϕa,k(p)) ≈
IA,NA

(p) holds for all non-occluded pixels p, where Ia,k(p)
is the image color or brightness sampled at pixel p. The
gripper/arm is outside of the field of view in the target frame,
which ensures that the arm does not cause any optical flow. If
the optical flow estimator incorrectly matches the missing arm
to something else, MCor can still largely suppress the wrong
flow as it is usually not very correlated to the gripper motion.

An action with index a is a robot periodically moving a
cable initially grasped at position ga,1 between the positions
(ga,1 + ∆a), ga,1, (ga,1 − ∆a), and back to ga,1. ∆a is
a constant action-specific vector that defines the direction
and amplitude of the movement, 1 is the index of the first
(reference) image and of the first gripper position of action a.
The robot repeats the periodic motion Kp times in each action.
We let the robot perform two actions for each initial grasp
point ga,1. One action moves the gripper along the cable axis
projected to the camera image plane, the other perpendicularly
to the cable axis. We note, however, that the robot could easily
execute a more diverse set of actions specified by different
action vectors ∆a.

MCor and MSeg output an action vote image V (p) =∑A
a=1Ma(p) for an explored cable, where Ma(p) is a motion

mask from action a. Ma(p) = 1 only at those pixels p reported
as moving during action a and Ma(p) = 0 otherwise. We can
say that action a labels as moving or votes for only those
pixels p where Ma(p) = 1.

The segmentation methods assume that an initial cable
segment to grasp is given for each cable instance which
should be explored and segmented. In our experiments with
the physical robot, a human provided the initial grasp point
by drawing the short cable segment to grasp into the camera
image frame on a computer screen. Alternatively, passive
semantic cable segmentation methods or known cable endpoint
locations (connectors, sockets) could provide the initial grasp.

To enable the robot to grasp a selected cable segment, the
methods need to estimate the 3D cable center and axis given
the 2D cable segment in an RGB-D image. The methods
compute the segment center as the geometric median of the
cable segment 3D points. Assuming that the segment is longer
than it is wide, the cable axis is the principal axis computed
by PCA from the set of cable segment 3D points within an
inlier distance from the segment center.

Once an interactive cable segmentation method (partially)
segments the initially grasped cable by moving it, a grasp
sampling algorithm can propose the next suitable cable seg-
ment to grasp and move to increase the recall while preserving
precision of the overall interactive segmentation process. We
describe our grasp sampling algorithm in Section III-C.

We describe two interactive cable segmentation methods
in this section. One is the MSeg baseline, an adaptation of
MfnProb FT from [4]. The other is the novel MCor method

we propose.

A. Motion Segmentation (MSeg) Baseline Method

The MSeg baseline method is MfnProb FT moving cable
segmentation method from [4]. The baseline assumes that
there is only one cable moving in the scene and that any
perturbations of neighboring cables are negligibly small. It
estimates moving cable segmentations in each image of a
sequence. We adapted it in this work, such that it segments
cables only in the target frame based on the motion detected
at image Ia,k using the optical flow magnitude

||ϕa,k(p)− ϕa,1(p)||2 > τm, (1)

where τm is a motion threshold. Each pixel p where the flow
magnitude is larger than τm adds a one into the segmentation
count image Sa(p). The algorithm sets Ma(p) = JSa(p) >
τsNaK, where τs is a relative segmentation count threshold
(0 ≤ τs ≤ 1) and Na is the total number of input images of
action a.

B. Motion Correlation (MCor)

To segment a grasped cable from other cables, we propose
the MCor algorithm that leverages the predictable movement
of the grasped cable when manipulated in multiple directions.
Neighboring cables can be perturbed only if they are in contact
with the grasped cable or the robot. For loosely entangled
cables, repeated gripper motions in different directions typi-
cally move the grasped cable predictably while occasionally
disturbing the neighboring cables. Our proposed algorithm
exploits this predictability to effectively segment the grasped
moving cable from its surroundings. See Fig. 2 for a visual
summary of the method.

For each sample (a, k), the algorithm computes the gripper
displacement along the motion direction,

dg,a,k = (ga,k − ga,1) ·
∆a

||∆a||2
. (2)

In each image Ia,k, the algorithm processes only the pixels p
where ||ϕa,k(p) − ϕa,1(p)||2 > τn, where τn is a noise
suppression threshold. For each such pixel, it computes the
optical flow displacement in meters along the principle flow
direction ψa(p) (unit vector) during action a as follows

dϕ,a,k(p) =
Za,k(p)

f
(ϕa,k(p)− ϕa,1(p)) · ψa(p), (3)

where f is the camera focal length in pixels and Za,k(p) is
the depth of pixel p in image Ia,k in meters. The equation
assumes that the image has already been undistorted and
that the camera pixel shape is (almost) square. (One could
generalize to rectangular pixels by scaling the horizontal flow
coordinates by fx and the vertical ones by fy to compute the
2D metric flow.)

The method estimates ψa(p) from the relative flow vectors
(ϕa,k(p)−ϕa,1(p)) using online PCA with online flow covari-
ance computation.
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Fig. 2: MCor method data flow. Method components are in round boxes. MfnProb FT [4] estimates the optical flow.

Fitting a linear model ha to predict flow displacement
dϕ,a,k(p) given gripper displacement dg,a,k,

dϕ,a,k(p) ≈ ha(p, dg,a,k) = ca,0(p)dg,a,k + ca,1(p), (4)

and computing the coefficient of determination (CoD)
R2

a(p) is the last step of the algorithm. The algorithm computes
the linear model parameters ca,0(p), ca,1(p) and R2

a(p) online
from the first- and second-order moments of dϕ,a,k(p) and
dg,a,k to reduce its memory requirements. Pixels p where
|ca,0(p)| > c0,min (interactivity threshold) and R2

a(p) > R2
min

(CoD threshold) are labeled as moving, i.e. Ma(p) = 1, other
pixels p as static, i.e. Ma(p) = 0. The first condition ensures
that only sufficiently interacting cable segments are labeled
as moving. The second condition suppresses the areas where
the relationship between the gripper and flow displacements
significantly differs from a linear function.

C. Grasp Sampling

We further propose a grasp sampling algorithm, see Algo-
rithm 1, to enhance the recall while preserving the precision
of the overall interactive segmentation process by identifying
the next suitable cable segment to grasp and move, given
a partial cable segmentation (voteImage) and previous grasp
points (previousGrasps).

The algorithm first prefers segments voted for by the
highest number of different actions to reduce the possibility
of grasping a wrong cable. Exploration efficiency is its second
priority as it returns segments by their distance from previous
grasps. The minimum distance of the sampled grasp from its
nearest previous grasp is Dmin.

The function graspFromPixel attempts to construct a valid
grasp meeting several requirements:

1) A sampled grasp segment has a minimum and maximum
acceptable size (image area) and a minimum acceptable

Algorithm 1 Grasp sampling algorithm.

1: function GRASPSAMPLER(voteImage, previousGrasps)
2: νmax ← max(voteImage)
3: blacklist ← {∅}
4: for each ν ∈ [νmax, νmax − 1, ..., 1] do
5: mask ← thresholdImage(voteImage, ν)
6: mask ← removeBlacklisted(mask, blacklist)
7: sortedPixels = pixelsByGraspDistance(

mask, previousGrasps, Dmin)
8: for each p ∈ sortedPixels do
9: grasp ← graspFromPixel(p, mask)

10: if grasp is valid then
11: blacklistGrasp(

grasp, sortedPixels, blacklist)
12: yield grasp

eccentricity. This reduces the possibility of sampling
too small noise segments or segments which are not
elongated enough and thus do not resemble cables.
The maximum area threshold ensures sufficiently dense
sampling of the segmentation image.

2) The estimation of the 3D cable segment axis is possible
using the sampled 2D segment and the depth image,
i.e. there is a sufficient number of depth measurements
available in the sampled cable segment area.

3) The angle between the cable segment axis and the image
plane is sufficiently low. Pose and depth estimation of
cable segment axes which are close to normal to the
image plane is less accurate due to a lower number of
pixel samples per a metric unit of cable length.

Finally, a motion planner tries to plan a robot end effector
trajectory to grasp each sampled segment. If the planning fails,
e.g. due to pose unreachability or robot (self) collisions, the
grasp sampler samples another grasp.

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.
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Fig. 3: The eight cable configurations of the dataset.

IV. IMPLEMENTATION

We performed real-world cable manipulation experiments
using a Franka Emika Panda robot controlled via MoveIt2 in
ROS2. An Intel RealSense D456 RGB-D camera watched the
robot and the task board mounted next to it, see Fig. 1. Color
and depth image resolution was 1280× 720 pixels at 15 FPS
framerate. 15.4 mm thick hoses or 14 mm thick ropes were
at the depth of ca. one meter. As the cable depth variability
relative to the mean cable depth was low in our experiments,
we used the gripper depth in the camera coordinate frame
in place of Za,k(p) for simplicity. We mounted the ropes to a
rectangular aluminum frame. We attached the hoses to the hose
task board using garden hose connectors. To obtain variously
complex scene backgrounds, we mounted replaceable card-
board sheets behind the garden hose connectors. We printed a
different background image on each sheet.

We used M3T multi-body tracker [35] for camera-robot cali-
bration. A constant transformation matrix or a human selecting
four keypoints on the robot in a color image approximately
initialized the tracker when the robot was in the “ready” pose.
M3T then iteratively refined the camera-robot pose estimate
by tracking the robot arm in the RGB-D images.

MfnProb FT deep neural network model trained by [4]
estimated the optical flow for MCor and MSeg. It processed
color images cropped to the task board area. We scaled up
the images 1.5× because MfnProb tends to ignore the motion
of cables thinner than ca. ten pixels. To compute the optical
flow in parallel with the motion correlation algorithm, we
implemented the computation in a two-stage pipeline. The first
stage computed the optical flow on a GPU (NVIDIA GeForce
RTX 2080 Ti), the second stage ran the motion correlation
implemented in Numpy on a CPU (Intel Core i9-9900K CPU
(3.60GHz)).

MoveIt2 built an octomap from scene point clouds to avoid
collisions when reaching for the grasps.

V. EXPERIMENTS

We evaluated the cable segmentation methods on a dataset
of 66 sequences recorded with our robotic setup. We manually
annotated the grasped cable ground truth segmentation in
the target image of each dataset sequence. Each sequence
consists of two actions performed at one grasp point. Table I

TABLE I: The main features of the dataset.

Property Count Comment

Cable configurations 8
Cables explored 27 21 hoses, 6 ropes
Backgrounds 4 plain wood, bushes, cables, hoses
Validation sequences 8 2 977 images
Test sequences 66 26 305 images

TABLE II: Parameter values used in our experiments.

Parameter name Symbol Value

Min. gripper sample displacement δg 0.001 meters (0.5 px)
Action amplitude ||∆a||2 0.02 meters (10 px)
Number of motion periods Kp 3
Motion threshold (only for MSeg) τm 2.0 pixels (from [4])
Noise suppression threshold τn 0.67 pixels
Relative seg. count threshold τs see Table III
Interactivity threshold c0,min see Table III
Coefficient of determination thr. R2

min see Table III
Min. exploration distance Dmin 0.1 meters

summarizes the main features of the recorded dataset and
Fig. 3 shows its eight cable configurations.

High cable segmentation precision with low recall is usually
more valuable in a robotic cable exploration scenario than high
recall with low precision [4]. Precision typically determines
manipulation success, e.g. grasping the correct cable, whereas
recall affects task efficiency, e.g. the number of actions re-
quired to explore the cable. Therefore we prefer the Fβ score
over the intersection over union (IoU) as the main measure of
cable segmentation performance. We use Fβ with β < 1 to
increase the importance of precision over recall. The lower the
β, the higher is the weight of precision in the Fβ computation.
Fβ = (β2 + 1)/(β2R−1 + P−1), where R is recall and P is
precision.

Table II lists the parameter values we used. δg is the gripper
displacement causing approx. a 0.5 pixel optical flow mag-
nitude. ||∆a||2 is the displacement causing approx. 10 pixel
optical flow magnitude. It is the practical minimum for MCor
to segment cables with up to 5× motion signal attentuation
(see c0,min in Table III and τm (for MSeg) in Table II).
Larger displacements could also work but they will more likely
cause collisions with other cables or rigid obstacles or pull the
grasped cable more than its slack allows. Kp = 3 is roughly
the minimum number of motion periods required to gather
sufficient data for MCor. We set τn to the 0.9999 quantile
of the optical flow magnitude predicted by MfnProb FT for
a static scene. We chose the threshold values (c0,min, R2

min,
τs) to maximize the Fβ score on the validation set for several
different β values, see Table III. The predicted segmentation of
each sequence was the union of the segmentations from both
actions at a single grasp point. All three thresholds tend to
grow with decreasing β to increase the segmentation precision.

A. Segmentation from a single grasp

Table IV presents the test set evaluation results for each
β when the methods output for each sequence the union
(V (p) ≥ 1) or the intersection (V (p) = 2) of the segmen-
tations predicted for both actions at a single grasp. In both

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.
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TABLE III: Parameters optimizing Fβ score on the validation
set for different β values.

β τs c0,min R2
min

1.0 0.31 0.17 0.66
0.5 0.47 0.20 0.77
0.4 0.47 0.18 0.86
0.3 0.47 0.36 0.92

TABLE IV: Mean test metrics of methods computing the union
(∪) or the intersection (∩) of segmentations from two actions
of each sequence. The best results are in bold.

Method β Recall↑ Precision↑ Fβ ↑ IoU↑

MSeg ∪ 1.0 0.6831 0.4296 0.4796 0.3369
No gripper ablation ∪ 1.0 0.7224 0.4033 0.4697 0.3284
MCor (ours) ∪ 1.0 0.6197 0.5472 0.5521 0.4031

MSeg ∪ 0.5 0.5825 0.4803 0.4702 0.3323
No gripper ablation ∪ 0.5 0.6749 0.4310 0.4383 0.3282
MCor (ours) ∪ 0.5 0.5446 0.6615 0.6127 0.4218

MSeg ∪ 0.4 0.5825 0.4803 0.4721 0.3323
No gripper ablation ∪ 0.4 0.6598 0.4372 0.4388 0.3266
MCor (ours) ∪ 0.4 0.4941 0.7743 0.6888 0.4292

MSeg ∪ 0.3 0.5825 0.4803 0.4747 0.3323
No gripper ablation ∪ 0.3 0.6515 0.4399 0.4395 0.3252
MCor (ours) ∪ 0.3 0.3577 0.9002 0.7584 0.3441

MSeg ∩ 0.4 0.2176 0.4291 0.2680 0.1275
No gripper ablation ∩ 0.4 0.2634 0.4016 0.2829 0.1455
MCor (ours) ∩ 0.4 0.1613 0.9412 0.4787 0.1592

MSeg ∩ 0.3 0.2176 0.4291 0.2913 0.1275
No gripper ablation ∩ 0.3 0.2543 0.3990 0.2961 0.1408
MCor (ours) ∩ 0.3 0.0533 0.9751 0.2966 0.0533

cases, MCor outperforms the MSeg baseline in terms of Fβ

and precision. On the other hand, the baseline achieves higher
recall. (We ommited the intersection results for β 1.0 and 0.5
as they are not Pareto-efficient.)

The “No gripper ablation” method in Table IV is an
ablation of the MCor method. It segments moving cables
by thresholding the standard deviation of the relative optical
flow displacement dϕ,a,k(p) while ignoring the gripper motion
information. Its precision and Fβ scores are worse than the
ones of MCor, suggesting that the gripper motion information
facilitates precise moving cable segmentation.

Fig. 4 shows sample segmentations. MSeg and MCor used
the parameters optimizing F0.4 on the validation set. The
MSeg baseline tends to segment multiple moving cables as
the grasped cable (Fig. 4 b, c). It also sometimes wrongly
segments the robot arm, which is present in most sequence
images but absent in the target image (Fig. 4 a, b). In contrast,
MCor produces cable segments mostly correctly marking the
grasped cable, especially when considering the intersection of
the segmentations from both actions (Fig. 4 b, two votes).
Both MCor and MSeg can segment cables partially extending
beyond the image boundary (Fig. 4 a).

Table V compares the test set evaluation results of MCor and
of several state-of-the-art passive segmentation methods. We
used the 2D grasp point in each target image to prompt SAM 2
or to retrieve the cable instance segmentation mask closest to
the grasp point in the case of FASTDLO, mBEST, RT-DLO.

Grasps MSeg MCor (ours)

1

2

Votes

SAM 2 FASTDLO mBEST

RT-DLO MSeg MCor (ours)

SAM 2 FASTDLO mBEST

RT-DLO MSeg MCor (ours)

(a)

(b)

(c)

Fig. 4: Sample segmentations given a grasp/query point
(Grasps image or “+” marker). The shades of green in the
MSeg and MCor plots indicate the values of V (p), i.e. the
number of gripper actions voting for a given pixel.

MCor (optimizing F0.4) outperforms the passive segmentation
methods in terms of F0.4, precision, and IoU. SAM 2 reaches
the highest recall as it usually segments multiple or all the
cables visible in the image instead of only the grasped cable
(Fig. 4). FASTDLO, mBEST and RT-DLO do not segment the
blue ropes as their cable semantic segmentation networks were
not trained on ropes. MCor and Mseg can segment only those
cable pixels which are visible both in the target image and in
most of the sequence images. Therefore the presence of the
arm in most images reduces the maximum achievable recall of
MCor and MSeg and handicaps them in the comparison with
passive segmentation methods. We evaluated all the methods
only on the arm-free target images.

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.
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TABLE V: Mean evaluation metrics on the test set of MCor
and passive segmentation methods. MCor either computes the
union (∪) or the intersection (∩) of segmentations from two
actions of each sequence. The best results are in bold.

Method Recall↑ Precision↑ F0.4 ↑ IoU↑

SAM 2 Image (L) [36] 0.7370 0.5222 0.4986 0.3599
FASTDLO [3] 0.2767 0.6924 0.3685 0.2236
mBEST [1] 0.2722 0.4711 0.3496 0.2097
RT-DLO [2] 0.1800 0.4275 0.1916 0.1305
MCor (ours) ∪ 0.4941 0.7743 0.6888 0.4292
MCor (ours) ∩ 0.1613 0.9412 0.4787 0.1592

TABLE VI: Mean method runtimes.

Method Runtime (seconds per image)↓

MSeg baseline 0.047
MCor (ours) - two parallel stages 0.047

Stage 1: Optical flow (GPU) 0.043
Stage 2: Motion correlation (CPU) 0.039

We report the mean runtime per processed image for each
method and for each stage of the two-stage MCor pipeline in
Table VI. Both methods are similarly fast and are suitable for
real-time inference. We note that they currently require the last
(target) image of a sequence before they can start computing
the optical flow. Although one could easily compute the flow
using the initial image instead of the target image, the robot
needs to have the segmentations computed in the target frame
for subsequent grasp selection. Despite running on the GPU,
the optical flow stage is slower than the motion correlation
stage utilizing just a single CPU core.

B. Segmentation from multiple grasps

Table VII reports the success rates of the grasps selected
from MCor predictions by our grasp sampling algorithm. Most
of the proposed grasps were on the correct cable. The robot
could reach the grasps more often on the ropes than on the
hoses, as the stiffer hoses spanned a larger depth range and
created more obstacles for motion planning with the wide
gripper of the Franka robot. Grasps could be unreachable due
to being outside of the robot workspace, due to obstacles in
the octomap or failed motion planning.

Table VIII presents MCor evaluation results on sixteen
cables when segmenting a cable given the first and all grasp
points. We provided the first grasp point manually. The
grasp sampling method automatically proposed the other grasp
points for each cable. In this experiment, a positive segmen-
tation from each action contributed a unit vote to a multi-
grasp vote image. The MCor method used the parameters
optimizing F0.4 on the validation set. Table VIII reports the
segmentation accuracy computed at several action thresholds,
i.e. the numbers of actions voting for each segmented pixel.
All grasps yield higher segmentation recall than a single
grasp. At the two-action threshold, the segmentation from
two grasps has slightly lower precision than the single grasp
segmentation but its F0.4 score is higher. Precision increases
with more actions voting for a segmented cable pixel. Fig. 5
demonstrates how mean segmentation performance increases

TABLE VII: Automatically proposed grasps.

Hoses Ropes
Grasp proposal category Count % Count %

Total grasp proposals 54 100 31 100
Correct & reachable 20 37 22 71
Correct & unreachable 32 59 9 29
Wrong, another cable 2 4 0 0
Wrong, background 0 0 0 0

TABLE VIII: MCor multi-grasp results. The better results for
each action threshold (action thr.) are in bold.

Grasps @ action thr. Recall↑ Precision↑ F0.4 ↑ IoU↑

1st grasp @ 1 0.5382 0.8134 0.7444 0.4728
All grasps @ 1 0.7394 0.6857 0.6829 0.5461

1st grasp @ 2 0.1817 0.9213 0.5112 0.1797
All grasps @ 2 0.4778 0.8814 0.7548 0.4471

All grasps @ 3 0.2269 0.9347 0.5152 0.2211

All grasps @ 4 0.1137 0.9791 0.2990 0.1123

with more interactions and grasp points. Fig. 6 shows sample
cable segmentation given one and five grasp points. The red
curve is a spline fitted to the segments with ≥ 2 votes. Such
splines correctly matched the endpoints of 8 out of 9 cables
with at least three robot grasps.

VI. DISCUSSION AND CONCLUSIONS

We have proposed the motion correlation (MCor) method
which can segment a grasped moving cable even when the
robot or the cable perturbs neighboring cables. It exploits
the observation that gripper motion tends to correlate with
grasped cable motion estimated in a common image frame
by an optical flow predictor. We have tested MCor and the
MSeg baseline on data recorded with our physical robotic
setup. Both quantitative and qualitative results indicate that
MCor outperforms the baseline and several passive cable
segmentation methods. With one set of parameters, MCor
segments well both hoses and ropes.

Once MCor partially segments a cable by moving it at a
given grasp point, a grasp sampling algorithm can process the
partial segmentation to propose further grasps. This allows
the robot to automatically interact with the explored cable
at multiple grasp points. After a sufficient number of grasps,
MCor produces (almost) complete cable segmentation masks.

Limitations: Although MCor wrongly segments the robot
arm significantly less often than MSeg, it can sometimes hap-
pen (see Fig. 4 b). We think it is due to MfnProb FT incorrectly
estimating arm-motion consistent optical flow between the
robot arm and the cables/background. Fine-tuning MfnProb FT
to reject such wrong correspondences may solve the problem.

The cable segments close to the mounted endpoints are
often both hard to grasp and hard to move, thus MCor does
not segment them very often. However, our methods cannot
completely avoid grasping them. Future work could measure
the interaction force or use an endpoint detector to avoid
moving or grasping endpoint segments.

Gripper-cable motion correlation cannot distinguish individ-
ual cables when multiple cables tightly interact with each other
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Fig. 5: Mean MCor performance with multiple grasps and the
action threshold set to two.
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Fig. 6: Sample MCor result given one and five grasp points.

during the gripper motion (see video). If that happens, the
robot may need to find an action direction which avoids the
tight interactions or use two robotic arms to physically verify
cable segment connectivity, e.g. by pulling two cable segments
apart. We leave these possible extensions for future work.
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