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Abstract— Estimating the stiffness of Deformable Linear
Objects (DLOs) is crucial for robust manipulation. Inferring
this hidden property depends heavily on the physical interaction
strategy. Through a 1D CNN-based analysis of predefined
probing modes, we first demonstrate that boundary constraints
and grasp locations drastically alter stiffness identifiability.
While fixed-end setups yield highly informative responses, they
are rarely practical in unconstrained tasks. Consequently, we
move beyond manual heuristics and reframe DLO parameter
identification as an active perception problem. We propose a
Reinforcement Learning (RL) framework that autonomously
learns informative interaction strategies for free cables. By
coupling a Proximal Policy Optimization (PPO) agent with
a trajectory-aware estimator, the system dynamically excites
the DLO to extract stiffness from diverse, stochastic manipu-
lation sequences. Achieving a Mean Absolute Error (MAE) of
0.0192, our approach provides a robust, active paradigm that
overcomes the limitations of static probing in unconstrained
environments.

Index Terms— Deformable Linear Objects, Active Percep-
tion, Stiffness Estimation, Reinforcement Learning.

I. INTRODUCTION

Manipulating Deformable Linear Objects (DLOs) poses
distinct challenges [1], [2] as their infinite degrees of freedom
make shape control inherently underactuated [3]. Predictable
task execution thus relies on understanding their intrinsic
physical parameters. Properties like bending stiffness govern
shape evolution and contact mechanics [4], yet remain hidden
state variables requiring dynamic excitation to be measured
[5].

The limiting factor in parameter estimation is often
generating informative interaction data, rather than solely
model capacity. Traditional methods rely on environmental
anchors or static fixtures [4], [5] to produce predictable
force-deformation mappings [6]. While recent work explores
online estimation during dynamic manipulation to relax these
assumptions [4], [5], [7], manually designed heuristics in
unconstrained tabletop tasks [8] often reduce to passive data
collection. Sub-optimal probing motions fail to sufficiently
excite the DLO, yielding data that lacks the informative
deformations needed to isolate stiffness.

Framing parameter identification as an active perception
problem offers a robust alternative to static heuristics [9],
[10]. After quantifying the information disparity across pre-
defined boundary conditions, we introduce an active per-
ception framework for unconstrained cables. By coupling
a reinforcement learning agent [11], [12] with a trajectory-
aware neural network [13], the robot learns to adaptively
perturb unanchored cables to elicit informative feedback
[14]. Instead of relying on fixed routines, the system au-
tonomously discovers interaction strategies that maximize

parameter identifiability [15].

II. METHODOLOGY

A. Task Formulation and Simulation Environment

We simulate a Franka Panda robot manipulating a cable in
a high-fidelity physics simulator. The cable (radius 0.0075 m,
discretized into 48 segments) has a density of 1000 kg/m3,
a twisting stiffness of 1.0×106, and a stretching stiffness of
1.0×108. Friction coefficients for the cable-table and cable-
finger contacts are 0.3 and 0.5, respectively.

Our target property, bending stiffness Ebend, is sampled
from [104,106]. To stabilize network training, we logarith-
mically map Ebend to a normalized scalar φ ∈ [0,1]:

φ =
log10 Ebend − log10 Emin

log10 Emax − log10 Emin
(1)

where Emin = 104 and Emax = 106.
We evaluate three predefined setups: Mode 1 (midpoint

grasp, one pinned end), Mode 2 (midpoint grasp, free ends),
and Mode 3 (quarter-point grasp, free ends). In each mode,
the robot executes a 6 s sequence (grasping and a 0.15 m
horizontal drag) followed by 2 s of static recording. Sampled
at 10 Hz, this 8 s interaction produces an 81-step temporal
sequence. By tracking the 3D relative displacements of 25
cable nodes, each episode yields a 75-dimensional trajectory.
Specifically, this feature vector concatenates the ∆x,∆y, and
∆z positional offsets relative to the initial resting state. We
generated 10,000 episodes per mode for offline analysis.

B. Supervised Stiffness Estimator

We train a supervised estimator to evaluate the informa-
tiveness of each predefined mode, randomly splitting the
dataset into 80/10/10% for training, validation, and testing.
We process the multivariate deformation time series using a
3-layer 1D CNN that progressively extracts temporal features
across the 75 spatial dimensions. The network channels
expand as 75 → 64 → 128 → 256, with each layer followed
by BatchNorm1d and ReLU. After aggregating the feature
maps via temporal adaptive average pooling, an MLP head
(256 → 64 → 1) with a sigmoid activation regresses the
normalized stiffness φ .

The model is optimized using Adam for up to 400 epochs,
incorporating early stopping on the validation loss to prevent
overfitting.

C. Active Interaction Learning Framework

We formulate unconstrained cable interaction as an active
perception RL problem. At 10 Hz, each 81-step episode
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produces a 97D observation. This comprises a 22D pro-
prioceptive state and 75D cable deformation features. The
4D continuous action defines the gripper state and Cartesian
displacement.

To handle these heterogeneous inputs, a dual-stream Prox-
imal Policy Optimization (PPO) [16] agent employs an MLP
to encode the 22D state and a 1D CNN for the 75D spatial
deformation. These representations are fused to parameterize
a Gaussian policy. Training proceeds in three phases: (1)
Behavior Cloning (50 episodes) from Mode 2; (2) estima-
tor pretraining (200 episodes); and (3) joint PPO training
using a 20,000-capacity replay buffer. PPO updates every
32 episodes with policy LR 3× 10−4, value LR 1× 10−3,
γ = 0.99, and GAE λ = 0.95.

The episode-level reward R(e) is decomposed into step-
level signals:

R(e) = β (e)
Te

∑
t=1

rshape,t +westr
(e)
est g(e)− r(e)idle (2)

The primary objective, r(e)est = exp(−5|φ (e)
pred − φ

(e)
gt |), drives

estimation accuracy. To prevent exploitation without physical
excitation, a multiplicative gate g(e) scales with midpoint
displacement. Dense shaping terms rshape,t guide early explo-
ration but anneal to zero between episodes 2000 and 5000.

III. EXPERIMENTS AND RESULTS

A. Supervised Probing Mode Comparison

Offline results demonstrate that interaction strategies
dictate prediction quality. The fixed-end setup (Mode 1)
achieved the lowest Mean Absolute Error (MAE) of 0.0024
for φ . The symmetric free-cable setup (Mode 2) performed
worst (MAE 0.0049). Shifting the grasp to the quarter
point (Mode 3) broke this mechanical symmetry, improving
the MAE to 0.0028. This gap demonstrates how boundary
constraints and grasp locations govern data informativeness.

B. Active RL Interaction Performance

To overcome the limitations of fixed setups, our RL
framework learns adaptive manipulation strategies for uncon-
strained cables. The policy was trained for 60,000 episodes,
achieving a minimum MAE of 0.0192 and an RMSE of
0.0252, averaged over 100 episodes.

The agent dynamically drags the cable to actively max-
imize stiffness excitations. Although the RL-driven MAE
is numerically higher than the static baseline, this trade-off
is physically justified. Fixed heuristics force estimators to
overfit a single predictable trajectory. Conversely, the RL
policy generates diverse, stochastic interactions. This active
exploration prevents overfitting, yielding a robust parameter
identification paradigm for complex, unconstrained environ-
ments.

IV. CONCLUSION

We reframe DLO stiffness estimation from passive re-
gression to active perception. Our initial analysis establishes
that boundary constraints and grasp locations significantly

influence stiffness identifiability. Consequently, we propose
a Reinforcement Learning framework that learns adaptive
manipulation strategies, dynamically coupling physical in-
teraction with robust parameter estimation. Future work will
explore latent representations for broader physical properties
and sim-to-real hardware deployment.
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