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Abstract—Manipulating stacked deformable linear objects
(DLOs), such as cables, is challenging due to occlusions, defor-
mations, and contact uncertainty. This paper presents a modular
perception-action pipeline for dual-arm stacked cable sorting
using synthetic training data. The structure-aware perception
module achieves an InstmloU of 0.93 and converts instance
masks and crossing relationships into graspable segments and
dual-arm grasp points. An eagle-claw gripper pad improves
post-lift lateral move success from 38.0% to 68.0%, while an
adaptive bilateral wrist-force controller detects the transition
from slack removal to cable tension without relying on fixed
stretching distances. In complex simulated clutter, the full system
achieves the best tested end-to-end success, suggesting a task-
specific step toward Physics Action Models guided by physical
semantics and closed-loop force feedback.The code is available at:
https://github.com/HAORANS808/dual-arm-cable-manipulation.

Index  Terms—Deformable Linear Objects, Modular
Perception-Action Pipeline, Force-Guided Control, Dual-Arm
Manipulation

I. INTRODUCTION

Deformable linear objects (DLOs), including cables, ropes,
wires, and tubes, are common in industrial, domestic, and
medical environments [1]. Although geometrically simple,
they are difficult to manipulate because their shapes are highly
deformable, underactuated, and sensitive to contact, friction,
and external forces. Prior work has established important
foundations in DLO perception, planning, and control across
tasks such as routing, threading, untangling, suturing, and
transport.

Existing DLO studies cover task-oriented grippers [2]-[5],
instance or structure-aware perception [6]-[14], and force-
aware manipulation for modeling, routing, or dual-arm con-
trol [15]-[19]. However, most methods focus on isolated
cables, perception-centered tracing, structured routing, or spe-
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cific topological objectives, rather than repeated sorting from
a stacked cluttered scene.

Stacked cable sorting presents a different setting, where
multiple cables are mutually occluded and must be repeatedly
separated, straightened, and placed without disturbing the
remaining stack [20]. The robot must therefore convert clut-
tered visual observations into actionable grasp representations,
maintain stable contacts with thin cables, and detect when an
initially slack cable becomes taut.

To address these challenges, we develop a modular dual-
arm pipeline that integrates structure-aware cable perception,
geometry-constrained grasping, and adaptive bilateral wrist-
force feedback. Beyond solving a specific cable-sorting task,
this pipeline also serves as a preliminary step toward Physics
Action Model (PAM). In contrast to action models that primar-
ily map visual-language instructions or learned world states
to robot commands, a PAM emphasizes physically grounded
action generation: robot actions should be conditioned on
interpretable physical semantics, interactive sensing, real-time
robot-object-environment state estimation, and feedback mech-
anisms that respect contact, deformation, topology, and force
constraints. In this work, we instantiate a small but concrete
component of this paradigm by converting cable topology and
visible structure into grasp actions, using gripper geometry
to enforce contact stability, and detecting force transitions to
terminate straightening under deformation uncertainty.

The main contributions are:

1) A modular pipeline is proposed to address the task of
stacked cable sorting, demonstrating improved robust-
ness across randomized simulated stacked-cable scenes.

2) A structure-aware perception method is introduced for
cluttered cable scenes, which achieves an InstmloU of
0.93 for instance segmentation trained on 1000 synthetic
images.

3) An adaptive force-jump straightening strategy is devel-
oped, achieving a 78.0% straightening success rate in
post-grasp-and-lift trials and improving the full end-to-



end task success rate to 48.0% among tested configura-
tions.

II. METHOD

We propose an iterative perception-action pipeline for
stacked cable sorting, as shown in Fig. 1. Given an RGB
observation, the system selects a manipulable target cable, gen-
erates dual-arm grasp points, lifts it with eagle-claw grippers,
stretches it under bilateral wrist-force feedback, and places it
into the target region. This process is repeated until the cables
are sequentially singulated, straightened, and arranged.

A. Gripper Design and Stable Cable Grasping

Following CaRoBio [5], we use an eagle-claw fingertip
mounted on a parallel gripper. Its hook-like geometry provides
partial lateral constraint for cables up to 15 mm in diameter,
reducing sliding during pickup and lifting.

B. Cable Instance Segmentation and Grasp Point Generation

As illustrated by the perception-to-grasp module in Fig. 1,
the RGB observation is converted into a grasp representation
consisting of a target cable segment, two grasp points, and
their local tangent directions. We use Mask2Former [7] for
cable instance segmentation and train it on 1000 MuJoCo-
rendered RGB images with 2-5 randomly placed cables per
scene. Cable color, length, placement, and illumination are
randomized during rendering, and the instance annotations are
stored in RLE format. During inference, predictions are filtered
by confidence, mask area, and duplicate mask IoU, and the
remaining masks are treated as cable instances.

For each retained instance, we skeletonize the mask and
keep the dominant connected component as the visible cen-
terline. Crossing candidates are detected by nearest-neighbor
matching between centerlines of different instances. Inspired
by FASTDLO and RT-DLO [9], [10], we use RGB color
continuity, including local mask continuity, reference-color
consistency, and color variation, to infer the over-under rela-
tionship at crossings. Occluded crossing indices split bridged
centerlines into graspable segments, while disconnected mask
components are directly treated as visible segments.

The final grasp pair is generated on the selected valid
segment by excluding endpoint-adjacent regions and crossing
neighborhoods. A sliding-window search selects two suffi-
ciently separated points on the same continuous segment, and
the local tangent direction at each grasp point is estimated
from neighboring centerline samples.

C. Force-Guided Cable Straightening

The grasp point generation stage provides two grasp points,
g1 and g9, on the selected manipulable cable segment and their
local tangent directions, t; and t,. The robot aligns the gripper
openings with these tangents, grasps the cable with both arms,
and lifts it above the stack. From the lifted gripper positions
x5 and x{, the horizontal stretch direction is
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TABLE I
CABLE HANDLING PERFORMANCE OF DIFFERENT GRIPPER PADS OVER 50
TRIALS PER GRIPPER. GRASP, LIFT, AND MOVE DENOTE WHETHER THE
TARGET CABLE REMAINS HELD AFTER CLOSURE, LIFTING, AND LATERAL
TRANSLATION, RESPECTIVELY. SLIP/DISTURBANCE COUNTS
TARGET-CABLE SLIP OR NOTICEABLE DRAGGING OF A NEIGHBORING

CABLE.
Gripper Grasp Lift Move Slip/Disturb
Native flat pad 0.48 0.44 0.38 0.34
Eagle-claw pad 0.82 0.74 0.68 0.26

where II,,(-) projects onto the table plane. During stretching,
the two grippers move in opposite directions along d while
maintaining their lifted heights.

Before stretching, the robot records a wrist-force bias b®
for each arm a € {L,R}. At step t, it computes the bias-
compensated force magnitude ff* = ||F¢ — b®||2 and filters it
with an exponential moving average:

fi=aff + 1 -a)fity,

where « is the smoothing coefficient. The cable is considered
tensioned when both arms observe a force jump:

AftL>TAf, AJZtR>TAf, (3)

a € {L, R}, 2)

where Af¢ = f — f2 .. Stretching stops at this event or at
the maximum step limit. The bilateral condition rejects single-
arm contact artifacts and captures the transition from slack
removal to cable tension. The robot then moves the stretched
cable to the target region, lowers it, and releases it with a
tangent-aligned three-phase motion.

III. EXPERIMENTS
A. Gripper Grasping Performance

We compare the eagle-claw fingertip with the native
Robotiq-2F-85 flat pad in stacked-cable grasping. Both vari-
ants use the same gripper body, actuator, linkage, controller,
scene generation, and grasp-point input; only the terminal pad
geometry is changed. The two pad geometries are shown in
Fig. 2. Each trial contains grasping, lifting, and a short lateral
motion.

Table I shows
slip/disturbance.

improved handling with reduced

B. Cable Segmentation and Grasp Point Detection

Segmentation performance is evaluated by semantic IoU
(SemloU), instance-mask IoU (InstmloU), F1 score, and infer-
ence speed measured in frames per second (FPS). FASTDLO
and RT-DLO, evaluated with their original weights, often pro-
duce fragmented masks in complex stacked scenes. YOLOVS-
seg recovers more foreground regions but may merge adjacent
cables near intersections. Mask2Former better preserves in-
stance separation and produces masks that are more consistent
with the ground-truth annotations.

Table II shows that Mask2Former achieves the best instance-
level accuracy, while YOLOVS8-seg is less reliable near cross-
ings.
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(a) Eagle-claw pad (b) Native flat pad

Fig. 2. Gripper pad comparison used in the grasping experiment: (a) eagle-
claw fingertip and (b) native Robotiq-2F-85 flat pad.

TABLE 11
QUANTITATIVE COMPARISON OF CABLE SEGMENTATION METHODS ON
THE VALIDATION SET. FASTDLO AND RT-DLO USE THEIR ORIGINAL
WEIGHTS, WHILE YOLOV8-SEG AND MASK2FORMER ARE TRAINED ON
THE SAME SYNTHETIC SET. QUALITATIVE RESULTS ARE SHOWN IN FIG. 3.

Method SemloU InstmloU Fl1 FPS
FASTDLO 0.55 0.16 0.32 1.87
RT-DLO 0.43 0.12 0.27 4.29
YOLOVS-seg 0.82 0.36 0.55 52.19
Mask2Former 0.95 0.93 099 1091

C. Wrist-Force-Guided Straightening

We compare fixed-distance, fixed-force, and our force-jump
termination rules. A straightening trial is successful if the
tested termination condition is reached after the cable has
been grasped and lifted. We also report the residual sag after
stretching. Fig. 4 shows one representative force trace used to
visualize the detected jump. Table III shows that our method
achieves the highest straightening rate and the smallest residual
sag magnitude.

D. Full Stacked Cable Management Task

Finally, we evaluate the full stacked-cable sorting task with
five system configurations.

Table IV shows the highest task success with our full
pipeline; failures mainly arise from reduced grasp reliability
or less effective straightening.

Overall system pipeline for stacked cable sorting, including perception-to-grasp reasoning, dual-arm pick-and-lift, force-guided straightening, and

TABLE III
STRAIGHTENING STRATEGY COMPARISON OVER 50 TRIALS PER METHOD.
STRAIGHTEN REPORTS THE PERCENTAGE OF TRIALS REACHING THE
STRAIGHTENED STATE BEFORE RELEASE. SAG DENOTES RESIDUAL
VERTICAL SAG AFTER STRETCHING.

Method Straighten Residual sag magnitude (mm)
Fixed-distance 0.60 1.3
Fixed-force 0.64 0.5
Ours 0.78 0.3
TABLE IV

FULL STACKED-CABLE SORTING COMPARISON OVER 50 END-TO-END
TRIALS PER CONFIGURATION. GRASP, STRAIGHTEN, AND TASK ARE
MEASURED OVER ALL TRIALS; TASK REQUIRES GRASPING,
STRAIGHTENING, AND FINAL RELEASE IN THE SAME TRIAL.

Configuration Grasp Straighten Task
Mask2Former + Eagle-claw + Force jump 0.78 0.56 0.48
Mask2Former + Native pad + Force jump 0.40 0.32 0.30
Mask2Former + Eagle-claw + Fixed distance 0.68 0.40 0.26
Mask2Former + Eagle-claw + Fixed force 0.66 0.48 0.42
YOLOv8-seg + Eagle-claw + Force jump 0.46 0.34 0.28

IV. DISCUSSIONS

Our results support a modular, structure-aware approach for
stacked cable sorting. Instead of reconstructing the full 3D
deformable state, the system converts RGB observations into
graspable segments and dual-arm grasp points, while bilateral
wrist-force feedback detects the transition from slack removal
to cable tension. This design is task-oriented: it extracts
physical cues that are directly relevant to sorting, including
visible topology, local grasp geometry, contact stability, and
tension transition.

The current evaluation is conducted in simulation, and real-
world validation remains an important next step. Although the
proposed pipeline relies only on common sensing modalities,
namely RGB images and wrist-force feedback, sim-to-real
transfer may still be affected by camera calibration errors,
lighting variation, cable material differences, contact friction,
and gripper compliance. Future real-robot experiments will ex-
amine whether synthetic-data-trained segmentation and force-
jump-based straightening can be transferred to physical cable
piles, and whether additional domain randomization or limited
real-world fine-tuning is required.
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Fig. 4. Representative wrist-force response during cable straightening. The
dashed vertical line marks the detected force-jump event.

The perception module relies on 2D RGB color continuity,
which may fail in monochromatic cable stacks, severe occlu-
sions, branching cables, or cases where cables are only par-
tially visible in the camera image. Branching cables violate the
current single-centerline assumption, while partial visibility
may lead to incomplete graspable segments or incorrect target
selection. Future work will extend the centerline representation
to a graph-based DLO structure, where endpoints, junctions,
crossings, and visible fragments are explicitly modeled. Multi-
view perception or active viewpoint adjustment could further
reduce ambiguity under partial visibility.

Another limitation is that the current experiments use ca-
bles with relatively consistent mechanical properties. Cable
stiffness can affect both the observed shape and the force
response during stretching. Softer cables may exhibit larger
sag and delayed force increase, whereas stiffer cables may
produce earlier force changes or resist local bending near the
grasp points. Therefore, the force-jump threshold and bilateral
termination condition should be further evaluated across cables
with different diameters, materials, and bending stiffness.
A promising extension is to make the termination criterion
stiffness-adaptive by estimating cable compliance online from
the force-displacement response during initial stretching.

The 48.0% full-task success rate also reflects compounding
errors, where slips during pick-and-lift propagate to straight-
ening and placement failures. Nevertheless, the results suggest
that physically interpretable intermediate representations can
provide a useful bridge between perception and action in
deformable-object manipulation.

Toward Physics Action Model. This work represents an
early step toward Physics Action Model (PAM) for deformable
object manipulation (Fig. 5). A PAM generates actions from
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Fig. 5. Simplified Physics Action Model (PAM) concept. PAM maps task
conditions and sensed robot-object-environment states to actions through
physically meaningful representations, interactive perception, and closed-loop
feedback. This paper instantiates a task-specific PAM-like pipeline for stacked
cable sorting through topology-aware grasp generation, contact-stabilized
grasping, and force-guided straightening.

physically meaningful representations of the robot, object,
and environment, updated through interactive sensing and
feedback. From this perspective, our pipeline provides a task-
specific PAM-like instance: cable crossings encode topological
cues for grasp selection, the eagle-claw fingertip promotes
stable contact, and bilateral wrist-force feedback detects the
transition from slack removal to cable tension. Future work
will extend this direction with real-world validation, stiffness-
aware physical state estimation, graph-structured DLO repre-
sentations, disturbance-aware feedback, and closed-loop action
refinement.

V. CONCLUSION

This paper presented a modular perception-action pipeline
for sorting stacked deformable cables. By combining structure-
aware perception, an eagle-claw gripper pad, and adaptive
bilateral force-guided straightening, the system achieves an In-
stmloU of 0.93 and a 48.0% full-task success rate in complex
simulated clutter. The pipeline also offers a preliminary step
toward PAM by using physical semantics such as topology,
contact, grasp stability, and tension transition to guide robot
actions. Future work will address real-robot deployment, sim-
to-real transfer, and richer physical state representations.
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