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SUMMARY

The elephant trunk is a highly dexterous muscular hydrostat whose continuous, distributed deformations
pose significant challenges for mathematical modeling. We introduce linear “stereotypical” laws that map
desired trunk configurations, parameterized by curvature and length, directly to the internal muscle-analogue
forces required in our rod-based dynamic model. The trunk is represented as a simplified multi-segment
structure of point masses linked through longitudinal and radial muscle analogues and connective tissue,
all modeled using rods. Using these laws, the model predicts biological reaching trajectories with tip-position
errors below 8% while maintaining hydrostatic volume across trials. The resulting force-shape mappings
reveal consistent, repeatable internal force patterns underlying trunk postures, providing a compact
representation of actuation strategies that generate specific planar shapes. By reducing high-dimensional
continuum dynamics to simple linear relationships, this framework preliminarily enables the inference of mus-
cle-force distributions from shape configurations, laying the groundwork for deeper exploration of the

elephant trunk motion strategies and their translation into advanced robotic systems control.

INTRODUCTION

The elephant trunk is a continuous, skeleton-free biological
structure that relies on muscles for both support and movement.
Systems exhibiting this morphology are referred to as muscular
hydrostats.” Muscular hydrostats are characterized by closely
packed three-dimensional arrays of muscle bundles which are
oriented in three main directions: i) longitudinal muscles, which
are parallel to the long axis, ii) radial (and transverse) muscles,
perpendicular to the long axis, and iii) oblique muscles, helical
around the long axis. All possible motions are generated by com-
binations of four elementary motions, which are elongation,
shortening, bending and torsion.? By combining these, the trunk
achieves exceptional dexterity, making it one of the most versa-
tile hydrostats in nature.® Continuous structures, unlike rigid
bodies constrained by a finite number of degrees of freedom
(DoFs), exhibit distributed deformations, enabling them adapt-
ability in complex environments.”® This unique characteristic
has fueled advancements in soft and bioinspired robotics,
such as robotic analogs of the seahorse tail,® elephant trunk,’
or octopus arm.®° Continuous biological systems have been
modeled to uncover their biomechanics or to extract principles
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for engineering applications.'® To emulate these biological con-
trol principles, recent works have used Cosserat rod theory and
continuum mechanics approaches. Notable examples include
dynamic models of octopus arms with distributed muscle-like
actuation,'"™"® and 2D or 3D biomimetic arm models for simu-
lating hydrodynamics,'®'® as well as energy-efficient task-spe-
cific movements.'%?° Similar frameworks have been applied to
the modeling of annelids,?’ leeches,?” reptilian tongues,?* and
squid tentacles,” often aiming to simulate neuromuscular coor-
dination and task-level biomechanics.**

While these studies offer insight into the biomechanics of flex-
ible systems, a major open question remains: how to derive
generalizable mappings between shape configurations and in-
ternal actuation forces in such continuum structures. Tekinalp
et al.”® present a study on the topology, dynamics, and control
of a muscle-architected soft robotic arm inspired by muscular
hydrostats. In particular, they analyze how the internal arrange-
ment affects the system’s behavior, and propose a control
framework to achieve complex motions in grasping and
manipulation tasks. Recent work has also deepened our under-
standing of the elephant trunk’s structure and biomechanics
from both experimental and computational perspectives.
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Figure 1. Comparison between simulation results and experimental data
On the left: simulated vs. real trajectories of the backbone nodes of trunk sections 4 and 9. On the right: box-plot shows the backbone node relative errors of each
trunk section for the two movement classes. Boxes indicate median and interquartile range; whiskers indicate minimum and maximum values.
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Experimental studies, and modeling works provided
foundational knowledge of its morphological properties, qualita-
tive motion principles, as well as muscles synergies underlying
motion generation. Recently, Kaczmarski et al.>* developed a
reduced-order model of the elephant trunk, introducing a mini-
mal mechanical formulation to capture its fundamental move-
ment capabilities. Their approach identifies the minimal set of
mechanical principles necessary to describe trunk motions in
quasi-static tasks. Despite these advancements, accurately
capturing the dynamics of the elephant trunk remains a chal-
lenge. Moreover, these models lack the ability to generalize force
coordination principles across movement types or to provide
interpretable mappings between motion and actuation.

In this work, we aim to address this gap by focusing not only on
trunk simulation but rather on the extraction of stereotypical
linear laws that map desired trunk configurations, expressed in
terms of curvature and length, to the internal forces responsible
for generating them. To achieve this, we develop a 3D dynamic
trunk model based on rod theory, which serves as a computa-
tional tool for replicating reaching behaviors and retrieving force
patterns across trunk segments. The resulting mappings provide
biologically grounded approximations of muscle coordination
and offer a reduced-complexity framework for force prediction.
These contributions represent a step toward linking motion gen-
eration and actuation in the elephant trunk, with direct relevance
to model-based control strategies for soft robotic systems.

RESULTS

With our results, we demonstrate that the proposed model is
able to capture the complex dynamics of the elephant trunk dur-
ing planar reaching movements. The simulated trajectories repli-
cate biological observations, reproducing both pure bending
(B) and combined bending-elongation (BE) deformations.
Beyond replicating kinematics, model selection analyses have
revealed that the dynamic model performance improves when
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considering a decreasing Young’s modulus from base to tip.
Furthermore, the model also preserves volume across trials
and with respect to biological reference, aligning with the con-
stant-volume characteristic of muscular hydrostats. Aiming to
understand the relationships among all the involved variables
(trunk shape parameters and internal rod forces), we performed
a multilinear correlation analysis; we observed a strong inverse
correlation between radial and longitudinal forces, a positive cor-
relation between segment length and radial force, and a clear link
between curvature and differential longitudinal forces. These in-
sights converged into a set of predictive, low-dimensional equa-
tions, named as stereotypical laws, that map shape parameters
to internal rod forces. When deployed in simulation, these laws
compute the internal rod forces required to generate desired
trunk configurations.

Comparison between simulation results and
experimental data

To assess the predictive accuracy of the 3D dynamic model, we
analyzed two classes of reaching movements: bending com-
bined with elongation (BE) and pure bending (B). Figure 1 pre-
sents an overview of the model performances. The left panel
shows a qualitative comparison between simulated and real tra-
jectories for the central node of trunk sections 4 and 9 for a B
movement. As it is visible from the plots, the simulated trajec-
tories are qualitatively similar to the real ones.

To provide a quantitative assessment of trajectory accuracy,
we computed the relative mean absolute error (rel_MAE) for
each trunk section: the relative mean absolute error is computed
as the mean absolute error of the node divided by the length of
the corresponding node trajectory. The boxplot on the right
part of Figure 1 compares the trajectory errors for BE and B
movements across all trunk sections. The results highlight that
trajectory errors are low in the proximal regions but progressively
increase along the trunk length, reaching their peak at the tip.
This trend is consistent across both movement classes, with
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Table 1. Average values of mean absolute errors (MAEs) and
relative mean absolute errors (RMAEs) for BE and B reaching
movements

Movement Class  Trials Avg. MAE_tip (m)  Avg. RMAE_tip (%)
BE 8 0.0411 5.23
B 4 0.0365 4.52

movements generally exhibiting higher variability compared to B
movements. To further quantify these errors, Table 1 summa-
rizes the average trajectory deviations at the trunk tip across
multiple trials. The results show that BE movements yield an
MAE of 0.0441 m and an average rel_MAE of 5.23%, while B
movements exhibit an MAE of 0.0365 m m and an average re-
I_MAE of 4.52%. The BE movements exhibit slightly higher rela-
tive errors, suggesting that the inclusion of elongation may
contribute to decreasing model performances. Although devia-
tions in the order of 4 cm may appear significant, they remain
within the physical radius of the trunk tip itself (around 5 cm).
Necessarily, this error is also influenced by the cumulative effect
of small discrepancies propagating along the multisegment
structure from base to tip. Despite the inherent complexity of
the model, the predictions remain reasonably accurate, with er-
ror levels below 5.5% in both movement categories.

Model selection results

To reflect the natural stiffness gradient of the elephant trunk,
which is stiffer proximally and more compliant distally, we per-
formed a sensitivity analysis by varying the Young’s modulus
along the trunk. We conducted new simulations for all reaching
movements using updated Young’s modulus values (see
Table S1 in the Appendix), and we evaluated the corresponding
errors at the central node of each of the nine trunk segments.
Simulations showed that a decreasing stiffness profile improved
trajectory predictions, particularly in proximal segments, with
Case 3 yielding the most significant error reductions (up to
14.8%). In contrast, applying minimal stiffness distally (Case 2)
slightly worsened performance in the last segment. Overall,
incorporating a longitudinal stiffness gradient enhanced model
accuracy compared to a constant stiffness configuration.

Constant volume preservation

The elephant trunk functions as a muscular hydrostat, maintain-
ing a nearly constant volume during motion. This biomechanical
constraint implies that any local compression along one axis
must be balanced by an expansion along another, resulting in
a coordinated interplay between radial and longitudinal muscle
contractions. Constant volume preservation of the trunk is an
additional result of our model. As shown in Figure 2, the vari-
ability of both simulated and real trunk volumes is plotted across
multiple trials, with the results expressed as the percentage
mean absolute error (MAE) relative to a reference resting trunk
volume.

The data indicate that the simulated volumes closely follow the
variability pattern of the real volumes. Both distributions show
minimal trial-to-trial deviations, highlighting the model’s robust-
ness in maintaining constant trunk volume during motion. This
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Figure 2. Constant volume preservation

Boxplot shows trunk volume variability in simulated trials and with respect to
real trunk volume. Boxes indicate median and interquartile range; whiskers
indicate minimum and maximum values.

consistency demonstrates the model’s capability to replicate
realistic dynamic movements of the trunk. Additionally, the
trunk’s constant volume is preserved through the reciprocal
interaction between the radial and longitudinal rods of the trunk
segments. Figure 3 presents the temporal evolution of forces in
the radial and longitudinal rods for two different trunk segments,
one proximal (top) and one distal (bottom). The forces exerted by
the longitudinal dorsal and ventral rods, as well as the radial rod,
exhibit an inverse relationship over time. Specifically, as the
force in the radial rod increases, the forces in the longitudinal
rods decrease, and vice versa. This antagonistic relationship be-
tween the forces in the radial and longitudinal rods is consistently
observed across both the proximal and distal segments of the
trunk. This interplay of forces is essential for maintaining the con-
stant-volume constraint during planar reaching movements.

Evaluation of multilinear correlation models for force-
shape relationships

To further investigate the relationship between internal forces
and trunk morphology, we conducted a pairwise linear correla-
tion analysis among the main variables considered in this study:
segment curvature (K), segment length (L), radial rod force (Fg),
the difference between dorsal and ventral longitudinal forces
(AF.), and the mean longitudinal force (Fr, ). In our modeling
framework, these internal forces are the output of the dynamic
simulation. The objective of this initial analysis was to explore
the linear correlations between all combinations of variables,
providing an overview of the underlying relationships in the sys-
tem. This step served as a basis for assessing the existence of
stereotypical patterns, thus motivating the derivation of simpli-
fied laws linking shape parameters to internal forces. The results
are shown in Figures S7-S10 in the Appendix. Specifically,
Figures S7 and S8 present the correlation matrices for a proximal
and a distal segment, respectively, during pure B movements;
the results for combined BE movements are shown in
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Figure 3. Constant volume preservation
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Temporal evolution of forces in the radial and longitudinal rods for two trunk sections.

Figures S9 and S10. The analysis revealed a strong positive cor-
relation between radial force and segment length, consistent
with the hypothesis that radial contraction contributes to axial
elongation. Conversely, a strong negative correlation between
radial and mean longitudinal forces was observed, confirming
the expected antagonistic behavior characteristic of muscular
hydrostats. In addition, the curvature of the segments showed
a positive correlation with AF; , indicating that differential longitu-
dinal activation plays a primary role in bending dynamics.
Notably, in BE movements, the correlation between radial
force and segment length was even more pronounced in both
proximal and distal segments, suggesting enhanced muscle co-
ordination during combined deformations. Building on these
findings, we investigated whether segment curvature and length
could be predicted from the forces exerted by the muscle-like
rods. This analysis enabled the definition of simplified mathe-
matical models that describe how specific internal force patterns
shape the trunk’s configuration. The results of the multilinear
regression analysis for curvature K and length L across different
trunk segments reveal varying degrees of model performance,
as reflected in the RMSE values.

Curvature

The multilinear regression model related to the factors influ-
encing segment Curvature (K) involves the force difference be-
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tween the longitudinal dorsal and ventral rods (A F; ), the radial
rod force (Fg), and the mean longitudinal force (Fp, ;) as predic-
tors. The results of the regression analysis indicate that the
model’s performance varies across different trunk segments.
As illustrated in Figure 4, the model captures curvature trends
in most segments, with the predicted curvature (black line)
following the original curvature (green line).

This confirms a strong relationship between K and the selected
predictors: the force difference between the longitudinal dorsal
and ventral rods (A F; ), the radial rod force (Fg), and the mean
longitudinal force (Fp, ;). However, model accuracy is not uni-
form across all segments. In some cases, discrepancies between
predicted and observed curvature are more pronounced, sug-
gesting that the model may not fully capture the underlying
biomechanical interactions. The root-mean-square error
(RMSE) analysis further supports these observations, high-
lighting variability in prediction error across segments. Notably,
segments 8 and 9 show significantly higher RMSE values, sug-
gesting greater uncertainty in curvature predictions for these re-
gions. These discrepancies may be attributed to nonlinear force
interactions or additional unmodeled factors influencing segment
deformation. Furthermore, greater variability in the distal seg-
ments is expected, as curvature errors accumulate along the
trunk, amplifying deviations closer to the tip.
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Left: Comparison of predictors with curvature for each trunk segment. Right: RMSE values indicate model performance.

Length

The multilinear regression model analyzing the factors influencing
segment length (L) includes the force difference between the lon-
gitudinal dorsal and ventral rods (A F; ), the radial rod force (Fg),
and the mean longitudinal force (F, ;) as predictors. The model
performance varies across trunk segments, as illustrated in
Figure 5. In most segments, the predicted length (black line) fol-
lows the original length (green line), confirming that the selected
predictors are sufficient to capture the primary factors deter-
mining segment elongation. However, while some segments
exhibit a strong agreement between predicted and observed
length, others show deviations, suggesting that additional me-
chanical factors or nonlinear effects may be influencing segment
deformation. RMSE analysis further supports these findings,
highlighting variability in prediction accuracy across segments.
In most cases, RMSE remains relatively low, reinforcing the

robustness of the force-length relationship. However, certain
segments, particularly 6 and 8, exhibit high RMSE values, indi-
cating greater uncertainty in length predictions. As with curva-
ture, it is expected that prediction variability increases toward
the tip of the trunk due to the accumulation of small errors along
the structure. This suggests that additional unmodeled biome-
chanical factors may play a role in determining segment length,
particularly in distal regions.

Radial force

The final multilinear regression analysis focuses on predicting
radial rod force (Fgr) using the force difference between the
longitudinal dorsal and ventral rods (AF; ) and the mean longitu-
dinal force (Fyn ) as explanatory variables. As illustrated in
Figure 6, the predicted radial force shows a similar trend to the
original radial force (green line) across most segments. However,
while the model generally performs well, some deviations
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Figure 5. Multilinear regression model for each segment length

Trunk Segments

Left: Comparison of predictors with length for each trunk segment. Right: RMSE values indicate model performance.
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Left: Comparison of predictors with radial force for each trunk segment. Right: RMSE values indicate model performance.

between predicted and observed values are evident, particularly
in segments where force variations are more pronounced (e.g.,
segments 1, 2, 3, and 4). The RMSE analysis further supports
these findings, showing that prediction errors remain relatively
low across most trunk segments. Notably, RMSE values are
higher in the proximal segments (e.g., segment 4) and decrease
in the distal segments, indicating more reliable predictions to-
ward the trunk tip.

From trunk shape parameters to stereotypical force
patterns

In this section, we present the results obtained using our
approach, which consists of applying stereotypical laws derived
from multilinear correlation models to estimate the internal rod

forces required to reproduce specific trunk configurations in B
and BE movements. Figures 7 and 8 illustrate the simulation re-
sults for these movement classes, comparing the initial shape,
the desired final shape, and the final shape obtained from the
simulation by applying the stereotypical laws.

Figure 7 presents four sample trials of B movements, where the
trunk deforms without significant elongation. In simulations, the
internal force patterns required to replicate the specific trunk con-
figurations were computed by applying the stereotypical linear
laws for segment curvature, length, and radial force, whose coef-
ficients were derived from the multilinear correlation analysis (see
Materials and Methods chapter). The computed forces are then
provided as inputs to the dynamic model (see Tables S2-S4 in
the Appendix). The results indicate that the model captures the

A B C D
Figure 7. Comparison between initial, desired, and simulated trunk configurations for four B trials

Panels A-D represent four different bending trajectories of the elephant trunk. The initial and final configurations of the real elephant trunk are reconstructed from
experimental backbone data and visualized using Blender, with the final configuration represented in semi-transparency. The simulated trunk is shown in the final

configuration reached through the use of the stereotypical laws.
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expected curvature evolution, with the simulated trunk following
the desired final shape across different trials.

The smooth trajectory transitions suggest that the estimated
internal forces can replicate the expected muscle activation pat-
terns. However, a qualitative comparison reveals the presence of
discrepancies primarily in the distal segments of the trunk. These
deviations suggest that the regression model describes the
force-to-curvature relationship but may be sensitive to variations
in the distal flexibility of the trunk. Overall, the model performs
well in predicting bending dynamics, supporting the validity of
the stereotypical laws used for force estimation. Figure 8
presents eight sample trials where the trunk undergoes BE
movements. Compared to pure B movements, these trials
exhibit a more complex deformation pattern. The results
indicate that the model predicts both bending and length
changes, maintaining smooth shape evolution throughout
the reaching motion. However, discrepancies between the
simulated and desired shapes are more pronounced in BE
movements than in pure B cases, particularly in distal segments
undergoing large deformations.

Model performance: Error metrics

To quantitatively assess these deviations, Table 2 reports the
Mean Absolute Error (MAE) for curvature and segment length
across different trunk segments. The curvature MAE increases
along the trunk length, starting from 2.14 deg/m in segment 1
and reaching 8.89 deg/m in segment 9 for bending movements,
and from 2.018 deg/m to 15.6 deg/m in BE movements.
The higher curvature errors in the distal segments suggest
that elongation dynamics introduce additional nonlinearities
that the regression model does not fully capture. Additionally,
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Figure 8. Comparison between initial,
desired, and simulated trunk configurations
for eight BE trials

Panels A-H represent eight different bending tra-
jectories of the elephant trunk. The initial and final
configurations of the real elephant trunk are re-
constructed from experimental backbone data
and visualized using Blender, with the final
configuration represented in semi-transparency.
The simulated trunk is shown in the final configu-
ration reached through the use of the stereotypical
laws.

inaccuracies in force predictions may
accumulate along the trunk, amplifying
curvature deviations over time and going
from the proximal part toward the
distal end.

In contrast, the length MAE remains
relatively low, with values on the order
of 103 m. The highest length error is
0.0220 m in segment 9, but most other
segments exhibit errors below 0.010 m,
indicating a sufficiently accurate elonga-
tion prediction. Given that the segment
length is approximately 0.2 m, these er-
rors are considered acceptable within
the context of our model.

To quantify discrepancies between simulated and experi-
mental trajectories, we computed the Mean Absolute Error
(MAE) and the Root Mean Squared Error (RMSE) across all trunk
nodes in both the B and BE tasks. The MAE is reported in its 2D
Euclidean form, accounting for both X and Z directions. Full nu-
merical results are provided in Tables S5 and S6 (Appendix). A
consistent pattern emerges across all nodes: both MAE and
RMSE increase from proximal to distal segments, indicating a
gradual decrease in model accuracy toward the tip. This
behavior is expected, as cumulative uncertainties, modeling
simplifications, and approximations during data processing
tend to amplify in the more compliant distal region. In all cases,
RMSE values exceed MAE, as expected from their definitions,
and the systematic proximity between the two metrics indicates
that errors are relatively homogeneous across repetitions rather
than dominated by isolated outliers. This suggests a systematic,
model-level limitation in capturing distal kinematics. This inter-
pretation is supported by the behavior of the adjusted coefficient
of determination (Rﬁdj) obtained from the curvature regression
model. As shown in Figure S11 in the Appendix, R? 2 values
remain high in proximal segments (1-4), but drop markedly in
more distal segments (7-9), confirming that the current predic-
tors become progressively less informative, and aligning with
the observed increase in positional errors.

Limitations of the study

First, while the predicted curvatures provide a reliable approxi-
mation of the desired trajectories, discrepancies still arise. These
are partly due to the use of simplified linear correlation laws,
which may not fully capture the nonlinearities of muscle-force in-
teractions. Additional sources of error include uncertainties in

iScience 29, 115108, April 17, 2026 7
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Table 2. Average MAE values for B and BE movements and for each trunk segment. Relative MAEs are MAEs related to the segment

length

Metric Seg. 1 Seg. 2 Seg. 3 Seg. 4 Seg. 5 Seg. 6 Seg. 7 Seg. 8 Seg. 9
MAE K (B) 5.72 8.59 0.57 13.7 15.5 34.3 37.6 36.2 39.5

rel MAE K (B) 214 3.711 3.11 3.74 4.10 6.86 7.52 7.24 8.89
MAE K (BE) 10.9 8.02 10.3 13.2 31.5 39.7 46.1 555! 58.1

rel MAE K (BE) 2.018 3.60 4.03 5.64 8.80 8.94 9.22 1.1 15.6
MAE L (BE) 6.65e-3 6.89e-3 6.38e-3 7.78e-3 5.38e-3 10.8e-3 10.9e-3 18.8e-3 20.8e-3

K'is measured in deg/m and L is measured in m.

stiffness parameter estimation, the geometric approximations
involved in the ellipse-fitting of marker sections, and the
assumption of strictly planar movements, which do not strictly
align with the conditions of the experimental trials. These simpli-
fications were necessary trade-offs to ensure computational
feasibility and to keep the model analytically tractable.
The discrete modular representation of the trunk, as opposed
to a fully continuous model, was adopted to balance these
competing demands.

The combined analysis of MAE, RMSE, and R reveals sys-
tematic discrepancies between simulated and real trajectories,
particularly in the distal region. The close MAE-RMSE values
across all nodes indicate errors of comparable magnitude rather
than outlier-driven deviations, while the decrease in Rgdj shows
that the model captures trunk dynamics more accurately in prox-
imal segments. However, this distal degradation is consistent
with known mechanical constraints and does not undermine
the overall ability of the model to capture the main features of
proximal trunk dynamics.

A further limitation concerns the nature of the ground-truth
data used to evaluate model accuracy. Markers in the dataset
were placed exclusively on the dorsal side of the trunk because
the animals’ tactile sensitivity prevented reliable ventral tracking.
As a result, the 3D geometry of the trunk was reconstructed by
fitting ellipses to each row of dorsal markers, under the assump-
tion of elliptical cross-sections. This fitting procedure provided
estimates of the ventral side and the trunk backbone.

Furthermore, at present, there are no published benchmarks
or datasets reporting trajectory-level errors in real elephant trunk
movements with which to directly compare our results. This lack
of reference data makes it challenging to contextualize the
model’s accuracy within the broader field of biological modeling.

The distal accuracy of the model represents an additional lim-
itation. The observed average tip position error may be accept-
able for planar reaching tasks, where the goal is to reproduce
the overall trajectory of the trunk, but it would be insufficient in
contexts requiring fine spatial precision, such as grasping.

These observations point to possible directions for refinement,
including incorporating more complex force distributions, adap-
tive stiffness parameters, or improved segment-level control
strategies.

It is important to clarify that the model does not attempt to
replicate the full anatomical and mechanical complexity of the
elephant trunk. Instead, it captures the main mechanical effects
of muscle actions, bending, and elongation, rather than
modeling every anatomical muscle group. While this abstraction
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reduces biological fidelity, it offers an interpretable and compu-
tationally efficient tool, well-suited for potential applications in
predictive modeling and soft robot control.

DISCUSSION

The presented study focused on replicating planar reaching
movements of the elephant trunk, targeting the macroscopic de-
formations that characterize its natural motions, namely bending
and combined bending-elongation. By integrating a dynamic
simulation approach, we were able to reproduce these reaching
behaviors with acceptable accuracy, as demonstrated by the
low relative trajectory errors across multiple trials. Moreover,
the model successfully preserved the trunk’s constant volume
during motion, reflecting the characteristic constraint of
muscular hydrostats as a result of the antagonistic interplay be-
tween radial and longitudinal muscle forces, which exhibit an in-
verse relationship. This reinforces the biological plausibility of the
simulated behavior. A fundamental advantage of our model is its
dynamic formulation. Unlike static or quasi-static models, dy-
namic models capture time-dependent behaviors, making
them essential for replicating fast-reaching motions, as is the
case for the elephant trunk.

The main contribution of this work lies in the derivation of a set
of stereotypical linear laws via multilinear correlation analysis,
which establishes a relationship between the trunk’s shape pa-
rameters, segment curvature, and segment length, and the inter-
nal forces exerted by the rods. These laws enable the efficient
estimation of forces required to achieve desired trunk configura-
tions in planar reaching tasks.

The control framework leverages the derived linear laws to es-
timate the internal actuation forces required to achieve desired
trunk configurations, defined by curvature and length parame-
ters. By applying these computed forces within the dynamic
model, the system efficiently generates the target motions. While
more complex nonlinear formulations could potentially improve
accuracy, the simplicity and speed of the linear approach
make it particularly appealing for control applications and low-
complexity implementations.

These stereotypical laws also reflect underlying biomechan-
ical principles. The negative correlation between radial and
longitudinal forces is consistent with the expected antagonistic
behavior of muscular hydrostats, while the positive correlation
between radial force and segment length supports the
idea that radial contraction contributes to axial elongation. Simi-
larly, the association between curvature and differences in
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longitudinal force confirms the role of differential activation in
driving bending.

Beyond its relevance to biological modeling, the proposed
framework presents promising implications for robotics, particu-
larly in the control of continuum modular robots with distributed
actuation. A direct application of the stereotypical linear laws
would be to establish a mapping between a desired robot config-
uration, characterized by its shape parameters, and the actuation
inputs required to achieve it. The ability to infer actuation forces
from global shape parameters may offer advantages in reducing
computational cost and simplifying motion planning for contin-
uum robotic platforms. We envision that the framework could be
implemented on a modular soft robotic arm with distributed actu-
ation, where each segment features independent shape change.
Such a system would ideally be equipped with embedded or
external sensing, such as vision-based systems, to provide feed-
back on segment curvature and length. The measured shape pa-
rameters, at each time step, can be input into the derived stereo-
typical laws to compute the corresponding actuation forces,
which are then applied to generate the desired motion.

Building on these findings, future research will explore several
extensions. First, expanding the 3D model to incorporate oblique
muscles would allow for the simulation of twisting and non-
planar motions, bringing the model closer to the full kinematic
motion range of a real elephant trunk. Additionally, refining the
stereotypical laws by incorporating higher-order or nonlinear
terms could enhance their predictive accuracy, albeit at the
cost of increased complexity. From a robotics perspective,
testing the framework on a physical continuum robotic platform
would be a significant step toward validating its applicability in
real-world scenarios. By integrating these advancements, we
aim to further enhance the model’s predictive power while
broadening its utility across biomechanics and soft robotics.

Finally, while the current model assumes homogeneous con-
trol principles along the trunk, behavioral evidence suggests
that different regions may be governed by distinct neuromus-
cular strategies.”” In particular, the proximal and distal parts
of the trunk may serve functionally different roles, potentially
leading to region-specific control objectives. Incorporating
such distinctions could improve the model’s biological plausibil-
ity and predictive accuracy, especially in the distal segments.
More broadly, the modeling framework could also be adapted
for studying human movement or other biological systems with
distributed actuation, such as the tongue.

Overall, this study highlights the value of a structured, low-
complexity modeling framework for addressing the challenges
posed by hyper-redundant biological systems. By identifying
simple force-shape relationships and embedding them into a dy-
namic simulation environment, the framework represents a pre-
liminary step toward a deeper understanding of hyper-redundant
biological structures and their potential to inspire novel robotic
solutions.
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STARXxMETHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

Elephant trunk trajectory motion data Laboratory of Artificial and Natural Evolution (LANE), N/A
University of Geneva

Dataset https://doi.org/10.5281/zenodo.17094445 N/A

Software and algorithms

MATLAB https://www.mathworks.com/products/matlab.html N/A

Code https://doi.org/10.5281/zenodo.15641895 N/A

EXPERIMENTAL MODEL AND STUDY PARTICIPANTS DETAILS

Here, we describe the data collection and post-processing of elephant trunk motion data during an experimental campaign conduct-
ed by research partners of the European Project PROBOSCIS. We then introduce our methodology for the elephant trunk modeling. A
focus is then placed on the equations governing the dynamics of a single rod within the 3D structure. We present the resolution
approach, which combines numerical integration and optimization techniques, as well as the physical parameters of the model
and the model selection based on those parameters. A section on statistical analysis follows, where we describe the multilinear cor-
relation among the relevant variables of the dynamic model, leading to the derivation of stereotypical linear laws mapping rods forces
to desired trunk shapes.

Behavioral experiments with elephants, data collection and post-processing

The dynamic model is based on motion data collected during an experimental campaign conducted by PROBOSCIS Consortium
partners of the University of Geneva in South Africa (Adventure with Elephants, Bela Bela, South Africa). The experiments involved
an adult male African elephant (Loxodonta africana) trained to use its trunk to reach and grasp objects of varying shapes and sizes.
The primary focus of these trials was to investigate the trunk’s manipulation, and overall motion capabilities. The primary focus of
these trials was to investigate the trunk’s manipulation, and overall motion capabilities. To capture trunk movements, a marker-based
motion capture system (Qualisys) was used to record the 3D positions of reflective markers placed along the dorsal side of the trunk in
ten longitudinal rows, spaced approximately equidistantly along its length.?” Due to the extreme tactile sensitivity of elephants,
particularly on the ventral side and near the tip, markers could not be placed on the underside of the trunk (see Figure S1 in the
Appendix). The dorsal surface was thus the only viable area for marker placement, and this constraint was necessary to ensure
the animal acceptance of the experimental protocol.

Each trunk section was approximated as an elliptical cross-section, with all markers belonging to a given section fitted to an ellipse.
This approximation was chosen as the simplest and most biomechanically relevant representation of the trunk’s cross-sectional ge-
ometry.”” Each ellipse was uniquely characterized by eight parameters: its 3D center position, Euler angles (ZYX sequence) defining
its orientation, and the lengths of its semi-axes. The center points of the fitted ellipses were used to compute the trunk backbone
trajectory. As such, both the ventral surface and the backbone are not directly measured but reconstructed geometrically from dorsal
markers. Following data acquisition, the recorded movements were clustered to isolate sequences in which the elephant performed
reaching motions. These were defined as movements where the trunk approached a target in space, stopping just before interacting
with the object. Four distinct classes of reaching movements were identified: i) reaching through bending, ii) reaching through com-
bination of elongation and bending, iii) reaching through twisting and iv) reaching through combination of twisting and bending. Since
our dynamic model focuses on planar reaching motions, only the bending and bending + elongation classes were considered. These
classes were determined by assessing two key geometric parameters: length and curvature. We computed the length Lsey as the
distance between two subsequent centers of ellipses rows (see 1), where two subsequent ellipses define a segment:

Leog = \/ (Xt — XY (YN — Y2 (Zi — Zi)? (Equation 1)

where (XL, Y! Zyand (X', Y1 Zi1) are the coordinates of the centers of two adjacent ellipses. Length was computed for each of

o’ 'o'“o o " o "o

the nine segments defined by the ten marker rows and was tracked throughout all recorded motion sequences.
The curvature K of the trunk was computed as the Euclidean norm of its two curvature components, K, and Kj:

K = \/K2+KZ (Equation 2)
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where:

a g, =P (Equation 3)

K, = .

Here, K, represents the ratio of the rotation angle « around the normal axis between two consecutive ellipses to the associated
segment arclength, while K represents the ratio of the rotation angle $ around the binormal axis to the length. Movements were clas-
sified as bending if the computed curvature exceeded a predefined threshold in at least one segment. Specifically, we set
Kinresh, bend = 20 deg/m, which seemed a reasonable value since the length of each segment is approximately 0.2 m. For a move-
ment to be classified as bending + elongation, both segment curvature and length had to surpass their respective thresholds in at
least one segment. The elongation threshold was defined as Linresh, elong = 0.02 m. This length threshold values was determined
based on the typical segment lengths observed during the trunk’s resting configuration: thus, the length threshold is 10% of segment
length. In total, the bending class consists of four motion sequences, whereas the class combining bending and elongation encom-
passes eight different movements.

METHOD DETAILS

From elephant trunk anatomy to the 3D mechanical model
The 3D model of the elephant trunk was developed by drawing inspiration from the observed muscular arrangement in real elephant
trunks.

The elephant trunk is a highly specialized muscular hydrostat, an organ capable of generating movement without bones or a
rigid skeleton. Its function relies entirely on the coordinated activity of muscle fibers and connective tissues.”? The trunk muscu-
lature is organized in a dense three-dimensional array. Fibers are oriented in three main directions: (1) perpendicular to the lon-
gitudinal axis, (2) parallel to it, and (3) oblique around it. Transverse and radial fibers form alternating horizontal and vertical layers,
or radiate from the center toward the periphery. Radial and transverse muscles primarily reduce trunk diameter, thereby inducing
passive elongation. Longitudinal muscles run along the length of the trunk, mainly in peripheral regions: their unilateral contrac-
tion, combined with transverse muscle contraction to keep constant diameter, produces bending. Oblique muscles, which enable
the trunk to perform non-planar deformations such as torsion, are arranged in V-shaped patterns: the superficial oblique group
directed with its open angle toward the trunk tip, and the deep oblique group with its apex pointing toward the tip. Their fiber
angle relative to the longitudinal axis (below or above the critical 54°) determines whether contraction results in shortening or elon-
gation, in addition to torsion. In the case of superficial and deep oblique muscles, which show fiber angles of 20°-30°, shortening
is the dominant function.?” Muscle groups operate antagonistically: for example, contraction of the dorsal longitudinal group, or
the superficial and deep oblique groups on the ventral side causes shortening of the trunk, inducing a passive increase in
diameter. Connective tissues play a central role in shape control and elastic recoil during antagonistic movements. Transversal
intramuscular fibers sorrounds the nasal passages can store elastic energy when trunk diameter is passively increased, allowing
elongation with reduced active force. Regional specialization is another key feature of trunk anatomy. Recent high-resolution seg-
mentation studies have shown that the distal trunk, including the tip and nostrils, exhibits denser and more diverse fascicle ar-
rangements, enabling fine manipulations such as grasping small objects or tool use.?® This region also hosts numerous mecha-
noreceptors and tactile vibrissae, which provide rich sensory input and support delicate object exploration and prehension. In
contrast, the proximal segments are more robust and primarily support gross positioning and load-bearing functions. Additionally,
the distribution of musculature and connective tissue differs between the dorsal and ventral surfaces, with variations in fiber type,
density, and mechanical role. These differences may reflect distinct functional demands: for example, the dorsal region may be
more involved in stabilization, while the ventral region contributes to lifting and grasping. These anatomical asymmetries suggest
that the assumption of full mechanical and functional homogeneity, while helpful for modeling simplification, represents an
abstraction of biological reality. Despite this complexity, elephant trunk motion can often be described using low-dimensional
control strategies, characterized by traveling waves of curvature, localized stiffening, and segmental elongation.?” Such move-
ment primitives can be effectively represented using intrinsic kinematic variables such as curvature, torsion, and strain, which
directly reflect the net mechanical output of underlying muscle activity. This compact representation not only captures the biome-
chanics of movement but also reveals simplified internal coordination strategies that reduce control dimensionality, consistent
with motor optimality principles observed in other biological systems.

To replicate these biomechanical features, our 3D dynamic model does not aim to replicate each individual muscle group anatom-
ically, but rather to capture the primary mechanical effects that muscle activations produce on the trunk. The analyzed trunk move-
ments involve macroscopic deformations of stretching and multi-directional planar bending.

The model includes the representation of longitudinal and radial muscles, as well as transverse-oriented connective tissues (see
Figure S2 in the Appendix). The trunk is implemented as a structure composed of discrete point masses (nodes), interconnected by
axially loaded rods representing simplified muscle-like units. Mass is lumped at the nodes, and the rod arrangement reflects the func-
tional organization of trunk musculature. The structure is divided into nine distinct segments, with endpoints corresponding to the
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marker rows used in motion capture. Each segment is modeled as a truncated pyramid with non-parallel rectangular bases (see
Figure S2), allowing for a structured yet flexible representation of trunk deformations in response to internal forces.

Governing equations of a single rod
Before presenting the dynamic equations governing the motion of the entire 3D structure, we introduce the equations describing the
dynamics of each individual rod constituting the system. The equation of motion for each rod is derived from Newton’s Second Law
(see Equation 4), where each element is defined as a rod connecting two nodes (see Figure S3 in the Appendix).

Solving Equation 4 yields the position of each node over time:

MG +[KI(q) = [Fex] (Equation 4)

where [M] is the mass matrix associated with each element. Given the discrete point mass representation, [M] is a 6 x 6 diagonal
matrix, where each mass is repeated three times to account for its decomposition along the X, Y, and Z spatial coordinates. g is
the vector of node accelerations (in X, Y, and Z directions) and contains the acceleration components of the two nodes within a single
element. g represents the vector of node displacements, [Fex:| is the external force vector, which, in this model, consists of gravita-
tional forces acting on the system. [K](q) accounts for the elastic properties of the system and can be subdivided into two compo-
nents: passive and active elasticity.'” This term can be rewritten as:

[K](q) = [Kolioo () + [Fact] (Equation 5)

Here, [Ko),,. is the local stiffness matrix of each rod, defined in the local reference frame. Since all forces acting on the rods are
expressed relative to a global reference frame, the stiffness matrix must also be transformed accordingly, as illustrated in
Figure S4 in the Appendix.

The rod elements in this model can only sustain axial loads. However, since each rod connects two nodes acting as hinges, it can
transmit forces with components along the X, Y, and Z axes. Consequently, the displacement of each node is described by trans-
lations in 3D space. The local stiffness matrix [Ko),, of a single rodis a 6 x 6 matrix. The global stiffness matrix is obtained by applying
a rotation matrix [R] to transform [Ko),,. into the global reference frame (6):

[Ko}glob = [R]T[KOLOC [R] (Equation 6)

where the elements of [R] contain the direction cosines that define the orientation of the local reference frame with respect to the
global frame (see Figure S4 in the Appendix).

The active force vector [Fact] contains the internal forces components transmitted along the rods. Since the rods are assumed to
sustain only axial loads, these forces are also strictly axial. A schematic representation of the active forces within a generic section i of
the structure is shown in Figure S5 (Appendix).

The node at the center of the section is denoted as O, while P,B,Q, and A are the outer nodes. The resultant force acting on each
node is derived from the cumulative effect of all rods converging at that node, as described by 7-8:

=] PO, |, FBO; , FQO0; , FAO; :

Fattot = Fact + Fast + Fact + Fact (Equation 7)
=P, 0P, EP.P PP )
Fhivor = Fog + Fonfie Fhm (Equation 8)

Equation 7 describes the resultant force exerted by the radial rods O;P;, O;B;, O;Q;, O;A; on the central node O of a generic section i.
Equation 8 describes the forces exerted by the longitudinal rods P; _ 1P; and P;P;, 1, along with the radial rod O;P;, on node P of section
i. The final governing equation for the full system, incorporating all nodes and forces, is expressed as:

IMIG + [Kolgion (@) + Fact = [Fexd] (Equation 9)

Equation 9 contains the displacements, accelerations, and forces of all nodes within the system, while the mass and stiffness
matrices are represented in their assembled form. To mathematically describe the interconnections among all elements of the struc-
ture, it is necessary to establish N equilibrium equations and n consistency equations, where N is the total number of kinematic vari-
ables in the structure and n represents the static variables. Given the full structure consists of 50 nodes, the system’s degrees of
freedom (DoFs) are represented as.

g is a 150 x 1 vector containing the X, Y, and Z acceleration components for all 50 nodes.

g is a 150 x 1 vector containing the displacement components in X, Y, and Z.

[Fext] is @ 150 x 1 vector containing the gravitational forces acting on all system nodes.

[M] is the global mass matrix, which is a 150 x 150 diagonal matrix under the lumped mass assumption.

[Ko]glob is the global stiffness matrix, constructed by assembling individual element stiffness matrices. The final global stiffness
matrix has a dimension of 150 x 150.
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This assembly process establishes a connection between the element-level equations and the overall structural behavior, enabling
the system to properly model the dynamic response of the elephant trunk.

Optimization problem

The dynamic equation of motion is solved using numerical integration. We employed MATLAB ODE45 solver, which implements a
Runge-Kutta method with a variable time step for efficient computation. Through numerical integration, the acceleration vector ¢
is integrated to obtain velocities g, and a second integration determines positions g. Since the number of unknowns exceeds the
number of independent equations, an additional strategy is required to compute the active force vector F,.;. To address this, numer-
ical integration is coupled with an optimization framework leveraging experimental trajectory data of elephant trunk motion. The
experimental displacement of ellipses points is compared to the displacement of corresponding nodes in simulation, computed
as the difference between final and initial positions in the X, Y, and Z coordinates. The optimization problem is formulated to minimize
the discrepancy between model-predicted and experimentally observed node displacements:

N
fmin = Z HAQmodeI,i - AQreal,l'H2 (Equation 10)
i=1

The optimization process determines the optimal active forces F,¢t, which are then applied to replicate trunk movements and pre-
dict trajectories. The problem is solved using MATLAB Isgnonlin function from the Optimization Toolbox, designed for nonlinear least-
squares problems. The active force vector F,.; is computed dynamically at each simulation timestep. The simulation runs at the same
sampling frequency as the experimental data, ensuring consistency in the dimension of F,¢t across simulation steps. At each time-
step, Fact is updated as the minimization function is re-evaluated iteratively.

Physical parameters of the model

The dynamic model of the elephant trunk is based on physical parameters approximating those of a typical Loxodonta africana trunk.
With a total length of 185 cm and a mass of approximately 100 kg, the trunk exhibits a non-homogeneous mass distribution, with
mass concentrated proximally and decreasing distally. This distribution is approximated by dividing the trunk into ten truncated
cone-shaped sub-volumes, where volume and density are used to estimate mass allocation. The total mass is then distributed
among fifty discrete nodes, each assigned a mass value reflecting the real trunk’s distribution (see Figure S6 in the Appendix). In
each truncated cone section, mass is distributed proportionally to its volume. Since each section contains five nodes, the assigned
mass per node is obtained by dividing the section’s total mass by five. The trunk tip (point 10) is excluded from the model due to the
absence of motion capture data, as markers could not be placed in that region. Due to limited data on elephant trunk muscle stiffness
and elasticity, we adopt an apparent Young’s modulus of E = 1 x 10° N/m?, following the estimation in.*® This value, derived from a
continuum static model, is assumed constant across the trunk for simplicity. However, since trunk stiffness varies between longitu-
dinal and radial directions, this approximation introduces some modeling error.

Model selection
A sensitivity analysis was conducted to assess the impact of variations in the Young’s modulus of trunk muscles on the 3D dynamic
model. This analysis considered the stiffness of longitudinal and radial muscles, as well as connective tissue. Dagenais et al.”’
observed that elephants use recurrent movement strategies, with a curvature front propagating from the trunk tip and a joint-like mo-
tion forming a sharp bend at the midpoint. These patterns suggest a modular trunk behavior, where the proximal region is stiffer for
positioning, while the distal region is more flexible for dexterous tasks. Based on this modular approach, we divided the trunk into
three sub-volumes, proximal, middle, and distal, each containing three of the nine modeled sub-volumes. The model’s sensitivity
to variations in Young’s modulus was then analyzed across these regions, considering both small and significant changes in stiffness.
Table S1 in the Appendix summarizes the tested values.

Set 1 represents a scenario with minor variations in Young’s modulus compared to the initially assumed value, while Sets 2, 3, and 4
introduce progressively larger variations. This approach allows us to assess the model’s response to different stiffness distributions
and identify their impact on trunk dynamics.

QUANTIFICATION AND STATISTICAL ANALYSIS

Multilinear correlation analysis of active forces and trunk shape parameters

The active forces exerted by the rods in the 3D trunk model are key parameters influencing trunk dynamics. These forces act on the
nodes where rods converge, inducing displacements and shaping trunk motion. We analyzed active force behavior in two deforma-
tion classes: bending and bending + elongation. Following the muscle synergies described in Dagenais et al.,*” bending results from
differential activation of longitudinal muscles, while elongation is primarily driven by radial muscle contraction. To explore these re-
lationships, we identified five key variables for each trunk segment.

® Curvature (K) — segment bending angle per unit length
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® Force difference (AF,) — between dorsal and ventral longitudinal rods

® Segment length (L)

® Radial rod force (Fg)

® Mean longitudinal force (Fr, ) — average force of dorsal and ventral longitudinal rods

A multilinear correlation analysis was performed to investigate the relationships between trunk shape parameters (K and L) and
internal forces (AF, Fr, and Fp, ;). These relationships were modeled using the general multilinear equation:

Y = o+ Xe+PXo+ PsXs te (Equation 11)

where Y is the dependent variable, X1, X2, X3 are the predictors, f, is the intercept coefficient, ,, f», f5 are regression coefficients,
and e is the residual error. The model accuracy was assessed using the R-squared (R?) metric, indicating the variance explained by
predictors, and the Root-Mean-Square Error (RMSE), measuring the predictive accuracy. We defined two separate laws, either for
the segment curvature or its length, in order to find their dependencies on the internal force parameters. We formalized the law for the
curvature and length of the i-th segment as expressed in Equations 12 and 13:

K' = + B AF, + B5FL + P5FL | + e (Equation 12)
L' = 5+ P AF] + p5Fh+ P5FL, L+, (Equation 13)

Additionally, a relationship among internal forces was obtained (Equation 14):
Frog = By + BT AF, + BSFL | +er (Equation 14)

This determined system allows for computing internal rod forces.

Mapping trunk shape evolution to force coordination in planar reaching

We analyzed the relationship between muscle-like rod forces and trunk shape parameters using the estimated multilinear laws. The
input data consisted of the initial and final configurations of each trunk segment, defined by curvature (K}, K%.) and length (L] ,L%.),
along with the trial duration T. To model the transition between these configurations, we interpolated curvature and length at a sam-
pling frequency fs = 100 Hz using a convex combination approach. The curvature and length of segment i at time t; were computed as

in Equations 15 and 16:

Tt
=

.t
+ K;infj

K;'/ =Kl (Equation 15)

T—t .t
T I"'Lfinfl

Li/ =L (Equation 16)
where t; = j/fs for 0 < j<Tfs. This method generates intermediate segment curvature and length values between the initial and final
trunk configurations. At each time step t;, the multilinear correlation laws (Equations 12, 13, and 14) were used to compute unknown
internal rod forces for each trunk segment. These computed forces were then applied as constant inputs to the forward dynamic
model. During each time interval t; < t<t;.1, the dynamic model used these inputs to simulate the trunk’s planar reaching
movements.
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