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Fig. 1. Overview of CableSense. (a) Simulation model of the manipulator. Actuators are placed at the tendon ends with
integrated force sensors. The four orange spheres mark external force points. (b) Data collection process. External forces
(0—200N) are applied normal to the arm plane during steady state. Cable tension differences between perturbed and initial
states are recorded. (c) Force perception network uses 12D cable tension inputs to estimate external force.

Abstract— Cable-driven serial manipulator (CDSM) has ad-
vantages of lightweight structure, high flexibility, and inher-
ent safety, making it suitable for operations in constrained
spaces. However, interaction with the environment is inevitable.
To address this limitation, we propose CableSense, a novel
force-sensing approach that leverages actuation cable tension
information exclusively, thereby eliminating the requirement
for additional contact sensors. We first develop a high-fidelity
MuJoCo simulation model based on the physical system, reduc-
ing the sim-to-real gap through careful calibration of physical
and mechanical parameters. Leveraging this simulation model,
we generate a comprehensive dataset encompassing diverse
external force scenarios. We then implement a multi-task deep
learning framework CableSense, for both single-point and
multi-point force identification. Experiments demonstrate that
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CableSense achieves over 98% accuracy in contact location
estimation, maintaining a mean absolute direction error of
5.96°.

[. INTRODUCTION

Compared with rigid actuation, cable transmission not
only reduces the payload at the end-effector but also en-
hances safety during physical interactions with the environ-
ment. Therefore, it has broad applications in soft hand [1]-
[3], tensegrity robot [4], [S]. However, achieving safe and
stable interaction in complex environments requires accurate
external force perception. Traditional approaches often rely
on force/torque sensors mounted at the end-effector or joints,
but such sensors are costly and difficult to integrate within
a slender body. Cable-driven manipulators, by design, main-
tain intrinsic compliance and low impedance; their bodies
typically lack extensive rigid shells, making it difficult to
integrate dense tactile or contact force sensor arrays on their
surfaces. Simultaneously, the wiring of external sensors sig-
nificantly increases system mass and mechanical impedance,
further compromising motion performance [14], [15].
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TABLE I. Overview of application of tendon in MuJoCo

Literature Robot Type Physical/Simulation Position/Force Control
[6], [7] Tendon-driven manipulator Simulation Position Control
[3] Soft wearable robot Physical Force Control
[8] Tendon-driven robotic limb Simulation Position and Force Control
[9] Tendon-driven quadruped robot Simulation Position and Force Control
[10] Tendon-driven anthropomorphic hand Simulation Position Control
[11] Tendon-driven continuum robot Simulation Position and Force Control
[12] Musculoskeletal simulation Simulation Model Predictive Control
[4], [5] Tensegrity robot Simulation Force Control
[13] Musculoskeletal-Exoskeletal Hybrid Simulation Position Control
[1] Tendon-driven Robotic Hand Physical Position Control
2] Tendon-driven finger Simulation Force Control

To overcome these limitations, some researchers have
proposed model-based external force estimation methods,
in which system dynamics models and state observers are
employed to infer external forces. Rucker et al. [16], [17]
established a static and dynamic consistent model coupling
Cosserat-rod and Cosserat-string theories, laying the theoret-
ical groundwork for identifying external loads and their ap-
plication points within a continuum framework. Building on
this, Back et al. [18] utilized a real-time Cosserat model and
shape observation to achieve online estimation of catheter
contact forces without external tactile sensing. Additionally,
some rapid methods, such as those using local curvature
characterization with least-squares solvers, can significantly
reduce computation time [19].

However, for cable-driven robots with multiple points of
contact, these methods are computationally inefficient and
rely on high-precision system modeling, limiting their practi-
cal application. First, the computational burden of boundary
value or constrained problems increases significantly with
the number of degrees of freedom or contact points [20].
Second, their accuracy is susceptible to degradation from
non-ideal factors like tendon-backbone friction, backlash,
and hysteresis [21], [22]. Third, these models are often
tailored for specific mechanisms and boundary conditions,
limiting their cross-platform generalizability and parameter
portability [23], [24].

Neural networks have been increasingly adopted for force
perception in robotic manipulators due to their powerful
nonlinear approximation capability. Shan et al. [25] proposed
a neural network—based approach that optimizes the training
data structure to achieve real-time external force estimation
without external force/torque sensors; Wu et al. [26] com-
bined convolutional neural networks with gated recurrent
units to estimate contact forces in heavy-duty robots using
actuation signals and motion information. Lim et al. [27]
introduced MOB-Net, which integrates internal inertial mea-
surement units and joint encoder signals to perform online
estimation of external joint torques in humanoid robots.
These methods leverage actuation signals and dynamic ob-
servations to circumvent complex sensor deployment while
preserving the inherent compliance.

While existing studies have demonstrated promising re-

sults for rigid manipulators, their application to cable-driven
robots remains challenging. On the one hand, the complex

characteristics of rope transmission, such as nonlinearity,
friction, and relaxation, are difficult to capture directly
through simplified models. On the other hand, existing
simulation-based training often lacks physical properties
consistent with the real system, making it difficult to transfer
the perception model to the actual robot system. As shown
in Table I, the majority of studies [8]-[13] that model cable
using MuJoCo are conducted solely in simulation and lack
validation with physical hardware.

We propose a comprehensive solution that combines sim-
ulation and data-driven learning. The research pipeline is
illustrated in Fig. 1. We first developed a high-fidelity model
of CDSM in MuJoCo. The mechanical parameters of this
model (e.g., dimensions, mass, stiffness, damping) are metic-
ulously configured to match the physical platform, ensuring
a high degree of physical realism. This model enables the
efficient and controlled generation of large volumes of noise-
free “’cable-tension-to-external-force” paired data.

Leveraging the vast amount of simulation data, we train
an end-to-end neural network to learn the complex, nonlinear
mapping from changes in cable tensions to external force
information. A significant advantage of this method is that
its performance is not directly affected by the mechanical
complexity of the arm and it possesses strong generalization
capabilities. To validate the fidelity of the simulation, we
compared simulation data with data collected from physi-
cal experiments. The results demonstrate consistent trends
and magnitudes between the two. Ultimately, our algorithm
achieved an extremely high accuracy in simulation tests
and demonstrated promising force sensing performance in
preliminary physical experiments, validating the feasibility
of the “simulation-to-reality” transfer.

The main contributions of this paper are summarised as
follows:

1) A high-fidelity MuJoCo simulation model of a CDSM
was developed, serving as a data foundation for train-
ing neural networks.

2) A systematic investigation was conducted on tendon-
related properties in MuJoCo, including stiffness, fric-
tion, and actuation methods.

3) An end-to-end neural network framework was pro-
posed for indirect force sensing relying exclusively
on cable tension information, achieving over 98%
accuracy in contact point prediction.
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II. HIGH-FIDELITY SIMULATION FRAMEWORK

Cable-driven mechanisms enable long-distance transmis-
sion of force and displacement, offering advantages such
as electromechanical separation and strong adaptability. As
shown in Fig. 2, a common cable-driven transmission con-
verts the rotational motion of a motor into linear motion via
a ball screw, thereby pulling the cable.

Motor Screw

RS
=
Cable

Fig. 2. Schematic diagram of cable drive mode.

The tendon should be modeled to meet the following

characteristics:

« Displacement Input: Cable-driven robots are typically
controlled by multiple cables working in coordination.
Since the input control force cannot be directly mea-
sured, position-based actuation is generally employed
instead of force-based actuation.

o Pretension: Pretension should be applied initially to
prevent cable slack.

o Elastic Deformation: The relationship between cable
deformation and cable tension when pulling the cable.
The simplest case is a linear relationship:

r-4 (L—Lo) ey
Ly
where T denotes the cable tension, E is the elastic
modulus, A is the cross-sectional area, L is the initial
length, and L is the current length.

o Self-locking: The combination of a motor and a ball
screw provides a self-locking function.

o Friction: When a cable wraps around a pulley, the ten-
sion at both ends is governed by the Capstan equation.
Under sliding conditions, the output tension Ty, and
input tension 7j, satisfy the exponential relation:

Towt = Tin-e M9 2)

where U is the friction coefficient and 6 is the total
wrap angle.

In MuJoCo, spatial tendons are defined as the shortest
path that passes through a sequence of specified sites (or
via-points) or wraps around specified geoms. To investigate
different physical properties of cables, we design three
tendon configurations in MuJoCo. Fig. 3(a) depicts a cable
fixed at one end and driven at the other, representing the
simplest model used to study intrinsic cable properties such
as stiffness and pretension. Fig. 3(b) shows a cable driven
at both ends, which better resembles the usage state in a
manipulator and is employed to examine the self-locking
characteristics of the drive system. Fig. 3(c) illustrates a cable
wrapping around a cylinder, introducing contact between the

cable and an object to analyze friction effects. All three
cables have a length of 1 m.

. /. actuator2
fixed point actuator2
actuator actuatorl eylifder
e actuator]
(a) (b) (©

Fig. 3. Three MuJoCo tendon configurations for investigating
cable properties.

A. Displacement Actuation

Cable-driven robots typically employ multi-cable coor-
dinated control, making it difficult to directly control the
input force. Therefore, a position-driven strategy is generally
adopted, where the theoretical cable length is computed from
joint angles and used as the control input. The displacement
drive signal is shown in Fig. 4(a).

B. Pretension

To prevent cable slack, a pretension force is typically
applied. This can be implemented in two ways: adding a bias
to the actuator signal, or setting the springlength parameter
of the tendon to enforce an initial length slightly shorter
than its ideal value (i.e., the shortest path between all via
points). Fig. 4(b) shows the variation in cable tension during
actuation, using the tendon model illustrated in Fig. 3(a).
In this model, the distance between two via points is 1 m,
and the springlength is set to 0.999995 m. The initial cable
tension is observed to be 50,N, which corresponds to the
applied pretension force. Note that in both Fig. 4(b) and (c),
a vertical line appears at the starting point (t=0 in (b) and
zero actuator position in (c)), representing a transient tension
oscillation (from O to approximately 100 N) caused by the
sudden tensioning of the cable upon simulation initialization;
this oscillation quickly dampens out due to the simplicity of
the model.

C. Cable Elastic Deformation

In MuJoCo, the spring deformation of tendons is defined
by the stiffness parameter. The stiffness is typically calcu-
lated using the following formula:

k=— 3)

Based on the physical system, we set this value to
10'N /m. Fig. 4(c) illustrates the variation in cable tension
during the actuation process. The results clearly show that the
cable tension remains proportional to the cable deformation,
with the proportionality constant equal to the stiffness value.
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Fig. 4. MuJoCo simulation results. (a) Actuator position over
time (drive signal). (b) Cable tension over time, showing a
proportional relationship with actuator position. (c¢) Cable
tension versus actuator position. Since the initial actuator
position is zero, actuator position numerically equals cable
deformation, directly illustrating the proportional relation-
ship between tension and deformation.

D. Self-locking

Real-world systems often use a “motor + ball screw”
configuration to achieve self-locking. Although MuJoCo pro-
vides a position actuator, self-locking is difficult to achieve
due to joint coupling, manifested as the joint failing to reach
the target position accurately (Fig. 5), using the tendon model
illustrated in Fig. 3(b). The underlying reason is that the
actuator torque is insufficient to resist the high tension gener-
ated by cable deformation. Experiments show that setting the
proportional gain k, approximately one order of magnitude
higher than the stiffness value effectively alleviates this issue.
Although a small steady-state error remains, excessively high
k, can cause numerical instability. Therefore, we use an
implicit integrator and reduce the simulation timestep to
improve numerical stability.
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Fig. 5. Actuator position vs joint position with smaller k.

E. Frictional Contact

The cable passes through a series of contact points
along the transmission path, where friction introduces
nonlinear effects such as hysteresis. MuJoCo employs a
complementarity-free method based on convex optimization
and regularization to approximate friction handling.

In MulJoCo, the friction coefficient can be set via the
frictionloss parameter to simulate hysteresis effects, as shown
in Fig. 6.
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Fig. 6. Hysteresis effect caused by friction.

ITII. FORCE SENSING ALGORITHM

We aim to sense external forces with minimal sensors.
Cable tension is ideal. Tension sensors are typically placed
at cable ends (connecting ball screws and motors). A key
feature of cable-driven manipulators is that the actuators
(motors) are located remotely from the arm links, with
motion transmitted via cables. Consequently, tension sensors
can be placed at the actuator end without adding any mass
or altering the structure of the moving links, thus avoiding
interference with the manipulator’s motion. Therefore, we
propose a method using only cable tension to indirectly
perceive external forces. We first build a MuJoCo model of a
four-section cable-driven arm, tune parameters to match the
physical system, and then collect 5000 simulated samples
(single/multi-point forces) for constructing force identifica-
tion networks.

A. Data Collection

The simulation model (Fig. 1(a)) is built strictly according
to the physical robot (Fig. 8). As shown in the figure, the
manipulator consists of four segments, each driven by three
cables. The joints are cross-axis joints with two degrees of
freedom.

We aim to estimate external forces using only cable
tension data, thereby capturing physical interactions. Forces
are assumed to be applied at the center of each segment
(modeled as spheres at the bottom of the links). We consider
forces in all directions normal to the arm axis (360° coverage
per segment). The input features consist of tension readings
from all twelve cables.

For single-point contacts, we exhaustively sample force
conditions to ensure complete coverage. For multi-contact
scenarios, we generate a fixed set of randomized force
configurations. Each training sample includes the difference
in cable tensions between perturbed and steady states, and
is labeled with the contact location, direction, and force
magnitude.

We visualize the force application to verify physical plau-
sibility. Note that forces applied via MuJoCo’s perturbation
interface are reset after each synchronization. Therefore, to
maintain consistent force visualization, the force must be re-
applied at every simulation step following the step function.
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B. Data Preprocessing and Loss Function Definitions

To enhance training stability and overall model perfor-
mance, we conducted systematic data preprocessing and
designed task-specific loss functions.

Let the ground-truth contact point labels be represented
as Ypody € {0, 1}K (one-hot vectors, K = 4), and the model
outputs as logits vectors z € RK. The classification loss

employs cross-entropy:

Y exp(z))

To address the discontinuity issue in angular periodicity,
we map the angle 6 € [0°,360°) to a two-dimensional
continuous vector:

o%ody =

K
Ybody,i IOg (
i=1

. 9 N
_|smm (%) o _ | Ysin 5
Yangle = 60 y  Yangle = |, ( )
COS (m) Yeos

We utilize mean squared error (MSE) as the loss function:

1 2

N
o%ngle = N Z

i=1

(@) o ()
yalngle - yalngle

(6)

2

Both force magnitude labels F and input features x un-
dergo standardization. We employ L1 loss for supervision
due to its robustness to outliers:

1

Ly g0 _ o
Ni

M=

oiﬂforce = (7)

1

The overall objective function for the multi-task learning
framework is then formally expressed as:

Lo = - gbody + ﬁ : a%ngle +v- Lorce (3)

The selection of weighting coefficients a, 8,7 is motivated
by the following considerations:

o Force magnitudes exhibit a wide numerical range (0-
200N), and their unnormalized losses would dominate
the overall gradient;

o After standardization, the three loss components reside
in comparable numerical ranges, enabling effective bal-
ancing through weighted summation;

e L1 loss demonstrates superior robustness to outliers
compared to MSE, making it suitable for force predic-
tion scenarios where anomalous values may occur.

C. Network Architecture for Contact Force Sensing

As mentioned above, the force sensing task comprises
three objectives: contact point identification, force magnitude
estimation, and direction prediction.

For single-point external force identification, we first build
a baseline architecture with three separate neural networks
to handle each subtask independently, thus fully decoupling
the tasks. This design does not account for potential inter-
task correlations but aims to quickly verify the feasibility of

force sensing and explore the minimal network depth and
parameter count required to achieve target performance.

To further investigate interactions between tasks, we ob-
serve that contact point identification achieves the highest
accuracy among the three subtasks. This is partly because
it is a classification problem, which is relatively straightfor-
ward, and also because of the physical force transmission
mechanism: an external force acting on a given link is trans-
mitted backward through the preceding links and ultimately
to the cables connected to those links. Consequently, the
contact point location directly determines how many cables
are affected—the closer the contact point is to the distal
end, the more cables are influenced, making contact point
recognition inherently more reliable. Therefore, we design a
two-stage architecture, as seen in Fig. 7, which first identifies
the contact point and then concatenates its one-hot encoded
output with the raw input features x to serve as the input
to the second stage, which jointly regresses force magnitude
and direction. This design explicitly uses contact information
to guide force and direction regression, aligning well with
physical intuition.

Input (12)
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|
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Fig. 7. Pipeline of our two-stage network.

The mathematical formulation of the two-stage fusion
architecture is as follows:
First stage (contact point recognition):

p = softmax ( fyody (X)) 9)
¢ = one-hot(argmax(p)) (10)
Second stage (force and direction regression):
h = ¢([x;c]) 11
F=wih+bp (12)
[Fsins Seos] = Weh +bg (13)

where ¢(-) represents the shared feature extraction layers,
[;-] denotes vector concatenation, and Wy € R2%4 ig the
weight matrix for angle prediction.

For multi-point force identification, we focus on pressure
distribution during wrapping grasps, primarily concerning
contact points and force magnitudes to avoid excessive
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local pressure. Since the robotic arm maintains a relatively
fixed joint configuration during wrapping, angle prediction
is less relevant and thus omitted. We adopt a two-stage
architecture similar to that of the single-point task, still using
12-dimensional tension differences as input. The first stage
identifies contact points, and the second estimates force mag-
nitude. The model is optimized using adaptive momentum
optimization with a learning rate reduction scheduler for
dynamic learning rate adjustment. And we incorporate the
Fl-score into the evaluation of contact point recognition to
better assess positive class performance:

1 & 2. precision; - recall;
F1 =— ! 14
e M ; precision; + recall; (14
The learning rate scheduling strategy is:
N1 =N AL > L a-(1-¢)) (15)

where A is the decay factor, € is the tolerance threshold, and
I(-) is the indicator function.

IV. EXPERIMENTS

The chapter systematically validates the reliability of the
simulation model through experiments and evaluates the
performance of various force identification algorithms across
different tasks. The physical platform of CDSM is shown in
Fig. 8 [28].

K

Fig. 8. The physical platform of CDSM.

A. Simulation Model Validation

High-fidelity simulation models form the basis for subse-
quent algorithm development. We first validate the model’s
kinematic behavior and sensor outputs.

A periodic oscillatory trajectory with joint angles set to
[—-10°,0°,10°,0°] is applied to the arm within a plane.
As shown in Fig. 9, the joint angles accurately track the
reference (left subplot of Fig. 9a), while all cable tensions
fluctuate slightly around the pre-tension level (right subplot),
indicating kinematically consistent actuation without signif-
icant internal forces. The actuator tracking errors in Fig.
9b further confirm the effectiveness of the position control
strategy.

To evaluate simulation realism, physical cable tension
changes under various loads are compared with simulation
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Fig. 9. Kinematic validation results. (a) Joint angles and
cable tensions during kinematic validation. (b) Actuator
position tracking errors during kinematic validation.

results in Table II. The trends show strong consistency,
with absolute errors remaining within acceptable bounds.
The maximum observed error is 5.98 N under a 2 kg
load, which corresponds to approximately 30.5% of the
force generated by that load (assuming standard gravity).
This demonstrates that the simulation reliably replicates the
mechanical characteristics of the real system, providing a
credible foundation for algorithmic validation.

B. Single-Point Force Identification Task

The model’s performance on single-point force identifica-
tion was evaluated in simulation using comprehensive quan-
titative metrics and visualizations. As shown in the confusion
matrix (Fig. 10), the model achieves over 98% accuracy in
contact point classification, with misclassifications primarily
occurring between adjacent points—especially at the distal
end—and decreasing with distance from the true contact, re-
flecting higher sensory similarity among neighboring points.

The angle prediction errors in the simulation are tightly
clustered near zero, as shown in Fig. 11, with a mean ab-
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TABLE II. Comparison of simulated and measured cable
tensions under different loads (IN).

| Cable tension

Condition ! 2 3 4 05 6 7 8 9
ke Seg) PIVS| 943 453 435 054 -0.54 000 127 145 145
€91 Sim | 6.66 -389 -3.89 -1.66 -0.38 090 -0.54 -0.54 -0.06
ke Segy PIYS| 1886 852 007 671 -0.18 671 181 163 109
85€8% Gim [14.93 -8.04 -804 589 -039 -6.67 -0.58 -0.58 -0.03
ke Segy PhYS[ 1849 852 -9.07 1541 073 -1432 490 453 -7.98
858 Gim [14.84 799 799 13.02 -038 -13.78 3.77 3.77 -8.70
ska Seg) PYS[18.67 852 925 091 073 018 254 272 272
€3¢0 Gim [15.56 -8.36 836 -1.77 -040 097 -0.56 -0.56 -0.08
ska Segy PHYS[38.07 1722 -1795 1487 0.18 -1432 326 290 308
€ 5€8% Gim [32.10 -16.69 -16.69 1329 -0.44 -14.17 -0.67 -0.67 -0.04
ske Seq3 PIYS[36.99 1722 -17.95 33.00 381 -2683 9.43 888 -1559
€€ Gim [31.91 -16.60 -16.60 27.56 -0.43 -2842 8.02 8.02 -17.36
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Fig. 10. Confusion matrix for the contact point classification
task. The matrix shows the classification results of the model
on the test set for four different contact points.

solute error (MAE) of 5.96°. Although the error distribution
exhibits some outliers, the vast majority of predictions fall
within a small range. For force magnitude regression in
simulation (Fig. 12), the model achieves an MAE of 9.97 N
and RMSE of 14.26 N, with points closely distributed along
the ideal line. Absolute error increases with force magnitude,
consistent with heightened system nonlinearity and sensor
uncertainty under larger loads, yet overall performance re-
mains satisfactory.

C. Multi-Point Force Identification Task

We evaluated the multi-point force identification model
in simulation using a procedure consistent with the single-
point task. The model achieved over 99% accuracy in contact
recognition on the simulation test set (Fig. 13), demonstrat-
ing strong classification performance. Force magnitude pre-
dictions in simulation (Fig. 14) show improved concentration
and reduced error compared to the single-point case, owing
to the constrained force range. Prediction errors decrease
progressively from pointl to point4, consistent with the
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Fig. 11. Histogram of the absolute error distribution for
direction prediction. The red dashed line indicates the mean
absolute error of 5.96°.
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structural characteristics of the manipulator and aligned with
physical expectations.

V. CONCLUSION AND FUTURE WORK

In this paper, we presented CableSense, a simulation-
guided deep learning framework for external force estima-
tion in CDSM. A high-fidelity MuJoCo model accurately
captures tendon stiffness and pulley friction, enabling large-
scale dataset generation for mapping cable tensions to exter-
nal forces. Systematic architectural exploration shows that
task-specific networks achieve high precision, while shared-
backbone designs offer a favorable performance-efficiency
trade-off. Our approach achieves near-perfect accuracy in
contact point identification and provides reliable force di-
rection and magnitude estimates.

Future research will focus on:

1) Incorporating temporal modeling to capture dynamic
force interactions.

2) Investigating domain adaptation and transfer learning
techniques to bridge the sim-to-real gap.

3) Integrating the force perception capability into closed-
loop control policies for reactive and compliant ma-
nipulation.

6571



True Label

Point1 Point2
o v
.z 2
£ g 600
5 g
z Z
500
o o
.z 2
E- 0 E- 0
£ £ 400
Negénive Positive Nege‘nive Positive §
Point3 Point4 3003
o o
Z 2
= =] 200
3 &
4 Z
100
o o
Z k3
= 0 = 0
£ £ 0
Ncgéitivc Positive Ncge‘itivc Positive
Predicted Label

Fig. 13. Confusion matrix for contact point recognition.
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