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Fig. 1: Our model SOMA allows us to convert arbitrary motion into anatomically
plausible a) skin and b) muscle deformations, also targeting c) individual muscles, all
grounded with real-data.

Abstract. With the growing demand for realistic virtual humans, para-
metric body models have become a cornerstone of modern medicine, sports
or entertainment applications. However, most of these models are inherently
limited: they only capture the 3D surface of the skin, offering no insight
into the complex bio-mechanical structures that generate motion. As more
applications expand towards biomechanics, the need for virtual human
models that go beyond the skin has become increasingly evident. Traditional
soft-tissue simulations, such as FEM, are accurate but non-scalable and too
computationally expensive for most common applications. Alternatively,
existing biomechanical tools can simulate muscular forces and activations,
but do not model changes in external shape, restricting how activations
correlate with actual observable anatomy. This motivates a novel inverse
research problem: recovering muscle deformations directly from visible
surface observations - i.e., from the skin, and thus the pose. In this work,
we present SOMA (from Surface Observations to Muscle Anatomy), a
person-specific model that infers spatio-temporal muscle behavior from
surface signals obtained using RGB cameras, and SKIM, a subject-specific
soft-tissue deformation dataset. To the best of our knowledge, this is the
first method that attempts to recover muscle deformations from multi-view
RGB data. We show how our method provides anatomically grounded

https://orcid.org/0000-0003-3395-5674
https://orcid.org/0000-0002-5080-1039
https://orcid.org/0009-0000-1963-8707
https://orcid.org/0000-0001-9954-120X
https://orcid.org/0000-0003-3899-7515
https://orcid.org/0000-0001-6104-6625
https://vcai.mpi-inf.mpg.de/projects/SOMA/


2 E. Alvarado et al.

animations without the complexity of traditional simulations, leading to a
scalable and cost-effective solution. Data and code are available.

Keywords: Parametric Human Models · Muscle deformation

1 Introduction

The creation of realistic and controllable digital humans is a long-standing
challenge that increasingly demands biomechanical fidelity. Pioneering works in
parametric models for human body surfaces [8,18,39,41,44,46,48,50,53] have
standardized the representation of body shape and pose in a low-dimensional
format, enabling scalable human representations. Building on these foundations,
recent vision-based approaches aim to retrieve dynamic surface geometry directly
from monocular [15, 16, 30] or multi-view RGB inputs [4, 11, 38, 57, 61, 69], bridging
the gap between parametric abstraction and real-world visual data. However, these
models are typically based solely on surface geometry, offering no insight into the
underlying internal structures. As applications in VR, sports science, and medical
simulation demand greater detail, bridging the gap between external appearance
and internal physiology has become a crucial step for the next generation of digital
humans.

Current approaches to modeling internal anatomy have significant limitations.
Heuristic methods, often used to fit anatomy to surface scans, rely on simplified
assumptions that yield visually plausible but anatomically inaccurate results [14,
21,23]. Conversely, data-driven methods have been proven successful in solving
such inverse problems and fitting anatomical structures using the human surface as
input. These approaches leverage medical imaging (MRI, CT) to adapt a volumetric
anatomical template, for example, for the entire body skeleton [28,29,63] or specific
regions, like the skull [3, 24, 49]. However, they suffer from acquisition complexity,
privacy concerns, and the difficulty of capturing dynamic, full-body motion [35, 66],
especially for methods involving soft tissue parts [27, 32, 37, 40, 62]. The challenge
becomes exponentially harder when we are faced with dynamic muscle behavior,
due to its anisotropic nature and inability to obtain dynamic, full-body magnetic
resonance images. Physics-based simulations can generate dynamic muscle behavior
using Finite Element Methods (FEM) [42, 43, 59] or Projective Dynamics [10, 52],
and provide useful contributions to learning-based methods, generating synthetic
data to predict muscle shape from the pose and external interactions [17].

Yet, the emergence of biomechanics frameworks [56] has led many methods
to focus solely on predicting their mechanical behavior, also from the surface
skin [12, 47, 54, 55], thus neglecting the prediction of muscle shape. Consequently,
there is a clear lack of scalable methods for capturing internal muscle dynamics
from accessible, real-world visual data, making it difficult to build parametric
models that accurately reflect internal shapes. Additionally, muscle appearance, in
comparison to skeletal motion, is influenced by a broader set of factors, such as
physiological cross-sectional area (PCSA) at rest, muscle activations or external
interactions, all of which introduce significant complexity.
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These challenges underscore the need for a fundamentally new approach, one
that bypasses the reliance on inaccessible medical data and instead leverages
visual observations. In this work, we introduce SOMA, a vision-based framework
designed to recover dynamic muscle deformations directly from poses, e.g., retrieved
from video (see Fig. 1). Our method combines surface signals with individualized
anatomical templates (e.g., derived from 3D scans), enabling the recovery of rich
internal representations. This allows for anatomically grounded modeling that is
scalable, non-invasive, and well-suited for downstream applications.

Our approach operates in three main stages. First, we introduce a vision-based
data acquisition framework using a custom marker-embedded suit to capture
high-resolution spatio-temporal signals of skin deformation during motion. Second,
we propose an end-to-end data-driven pipeline that learns a non-linear blend-shape
representation of a canonical muscle and skin template, supervised by these
surface observations. Third, we integrate individual 3D muscle meshes to re�ne the
deformation output, propagating the learned surface changes to detailed anatomical
geometry. In summary, the contribution of this work is threefold:

� SKIM, a multi-view RGB dataset bridging surface observations and internal
anatomy via high-res, spatio-temporal marker tracking and ground-truth pose.

� SOMA, a parametric model recovering muscle deformation from surface signals,
utilizing decoupled blendshapes supervised by physics-based geometric priors.

� A framework propagating learned volumetric deformations to individual muscle
meshes, enabling interactive internal anatomy in standard graphics engines.

2 Related Work

We review the most relevant literature to our approach across three primary domains:
surface-only human body models, inverse anatomical models, and muscle-based
simulations (see Tab. 1).

Surface-only Human Body Models. Many parametric models of the
body [6,18,39,46,48,65], hands [51], and face [36] rely on standard Linear Blend
Skinning (LBS) and blendshapes.They are recovered via monocular RGB [15,
16, 25, 31], multi-view setups [4, 38, 57, 61, 69], or IMUs [20, 64], achieving high
surface �delity. However, deformations remain purely geometric, implicitly learning
soft-tissue changes without representing the underlying anatomy.

To enhance realism, some methods mimic biomechanical e�ects [32] or use
EMG data to predict muscle activations as 2D surface textures [12,55] or animation
drivers [47]. Relying solely on visual data, Neumann et al. [44] learn data-driven
surface deformations from arm muscle bulges. Ultimately, these prior works reduce
musculature to abstract signals, image-space textures, or statistical surface e�ects.
Because they lack explicit 3D anatomical structure, they cannot leverage true
volumetric deformation properties. Our work addresses this gap by capturing and
modeling explicit, subject-speci�c 3D muscle deformations directly from multi-view
RGB body poses.

Inverse Anatomical Models. Unlike surface-only representations, inverse
models [23,26,27,33] infer the underlying internal anatomy (e.g., bones, muscles)
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from external observations. This introduces the inverse challenge: recovering
internal structures from sparse, often noisy surface data rather than simulating
them from known biomechanical parameters.

Heuristic and Template-Based Approaches. These methods non-rigidly reg-
ister a generic anatomical template to a subject's surface scan. This strategy
enables transferring anatomy to new body shapes [26] and creating animation-
ready models [14,21]. While visually plausible, their reliance on heuristics and
generic templates fundamentally limits their ability to faithfully reconstruct
true variations in the muscles' anatomical shape, their origins, and insertions.

Table 1: Human Models using anatomical
features. �3 � indicates methods that use real-
world data but are limited to static poses
or heuristics, often struggling to capture
accurate dynamic motion.

Method
3D Muscle

Representation
Real-world

Data
Full-body

SMPL [39] 7 3 3
Neumann et al. [44] 7 3 7

Kavan et al. [26] 3 7 3
Komaritzan et al. [33] 3 3 3
Keller et al. [27] 3 3 3

Han et al. [17] 3 7 7
Kemper et al. [9] 3 7 3

Ours 3 3 3

Data-driven Anatomical Reconstruc-
tion. Recent data-driven methods pre-
dict subject-speci�c internal anatomy
directly from surface shapes using
paired 3D scan and medical datasets.
Much focus has been on recovering
skeletons [28,29,63], with extensions to
the face/skull [3,45,49] and hands [37].
For full-body volumes, layered anatomi-
cal templates [33,62] produce static pre-
dictions from real-world scans [40] but
cannot recreate dynamic results. Sim-
ilarly, methods like HIT [27] learn con-
tinuous implicit representations from
MRI to infer internal tissues from the outer surface. Since these models are trained
on single, static poses, they share a fundamental limitation: they lack real-world
data on how muscles dynamically deform during motion. Our work aims to address
this gap.

Muscle-based Simulation. Finite Element Method (FEM) simulations o�er
high accuracy by modeling volumetric biomechanical meshes [42,59], enabling
realistic personalized anatomy [23,52] but at expensive computational costs. To
achieve real-time performance, other methods [17] approximate physics by training
neural networks on o�ine FEM data or using simpli�ed line-actuator models
like OpenSim [54, 56], sacri�cing volumetric detail. Besides, such simulations
struggle with reality grounding. Because dynamic real-world data (e.g., MRI [60])
is scarce and mostly used for validation [7,19], simulations rely on generic physical
parameters. Consequently, learning volumetric muscle deformation directly from
in-vivo motion data remains an open problem.

3 Skin-to-Internal Muscle Dataset (SKIM)

Inferring internal muscle deformation from RGB videos is inherently ill-posed, as it
relies solely on indirect skin surface observations. Resolving this requires coupling
high-precision, temporally consistent skin annotations with an individualized
volumetric muscle template.
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To provide these high-resolution, spatio-temporally coherent, and minimally
occluded observations, we introduce the SKIM dataset (see Fig. 2). SKIM utilizes
a high-�delity data acquisition framework centered on a custom skin-tight suit
embedded with ArUco markers, captured via multi-view RGB markerless motion
capture.

Fig. 2: SKIM Dataset Overview. For �ve subjects, we provide comprehensive multi-
layer data: (1) high-resolution 3D skin, bone, and individual muscle meshes; (2) 45
minutes of multi-view RGB recordings; (3) canonical ArUco marker point clouds with (4)
internal muscle bindings; (5) ground-truth skeletal poses; and (6) 3D marker trajectories,
residual deformation �elds, and visibility masks capturing soft-tissue dynamics.

3.1 Capture Setup

We designed a custom ArUco-embedded suit [13] to capture dynamic skin deforma-
tions in our multi-view studio. This suit enables robust spatio-temporal tracking of
dense surface correspondences while ensuring consistent muscle-relative placement,
minimizing occlusions via known topologies, and eliminating subject-speci�c calibra-
tion.

Fig. 3: Canonical Rep-
resentation.

ArUco-based Suit Speci�cations. Constructed from
stretchable, matte fabric for tight skin contact and mini-
mal re�ections, the suit's full set of landmarks is de�ned
as C = f nm;c j m 2 f 0; : : : ; M � 1g; c 2 f 0; 1; 2; 3gg,
where each landmark nm;c represents cornerc of the
ArUco marker with dictionary ID m.

Markerless Human Capture. A 120-camera mocap
studio [1] capturing at 25 Hz provides both the suit
marker detections and the ground-truth 3D skeletal
poses� t 2 R J�6 , where J joints are parameterized in a
continuous 6D representation [68] at timet. A separate
140-camera scanner [2] reconstructs the static body
mesh templates (Sec. 3.2).
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3.2 Canonical Point Correspondences

To enable anatomically grounded modeling from surface observations, we �rst
construct a canonical anatomical template that encodes the marker layout of
the suit in a subject-speci�c 3D con�guration. This template serves as a static
reference point cloudPbind = f pk 2 R3gC

k=1 , where each point pk is the 3D
position of a speci�c marker corner nm;i;c 2 C.

To construct this template, we use our body scanner to generate a high-
resolution static skin mesh of the subject [5] wearing the suit, denoted asSbind .
The mesh Sbind consists of a set of verticesVbind = f v j 2 R3gV

j=1 and faces
Fbind = f fk gF

k=1 , where each face fk is a triangle de�ned by three vertex indices.
To robustly detect marker IDs and their corner positions, we unwrap the texture
of Sbind into a 2D atlas T , perform ArUco detection on T, and re-project the
detected marker corners back onto the 3D mesh. During unwrapping, texture seams
might occur, leading to markers being cut. The process to solve such artifacts is
explained in detail in the Supplementary Material. For each detected corner, we
identify the corresponding triangle fk = (v a ; vb; v c) and compute its 3D location
using barycentric interpolation p k = � 1va + � 2vb + � 3v c; s.t.

P
� i = 1 ; � i � 0;

being pk 2 R3 a point in the canonical point cloud Pbind (see Fig. 3).

3.3 Internal Anatomical Modeling

The internal canonical anatomy is reconstructed from the outer meshSbind using a
volumetric �tting [33], yielding three additional representations (see Fig. 4):

1. A global muscle meshM bind that approximates the aggregated muscle volume
beneath the skin. This mesh shares the same topology as Sbind .

2. A set of individualized muscle meshesfM m
bind gN m

m=1 , where each mesh represents
the geometry of a speci�c muscle m in its resting shape.

3. A skeleton meshBbind that wraps the skeleton layer beneath the muscle layer.
This mesh also shares the same topology as Sbind .

Fig. 4: Anatomical Representations. Left: Set of bone Bbind , muscle M bind and skin
layer Sbind . Center: High-res muscles fM m

bind gN m
m=1 . Right: Full High-res Representations.

Finally, to associate each marker with its corresponding muscle, we cast a
ray from the marker position p k along the negative surface normal�� nk of
its underlying triangle in Sbind . The �rst intersection point of this ray with
the individual muscle M m

bind sets the anatomical correspondence. This de�nes a
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mapping function � (p k ) = m; s.t. pk � � nk 2 M m
bind and � > 0, ensuring precise

marker-to-muscle correspondence. Our canonical representation of markers and
muscle anatomy is shown in Fig. 2.

3.4 Marker Tracking

Having established the (1) high-resolution skin and muscle meshes, (2) a dense set
of surface markers, and (3) their speci�c anatomical correspondences, we now turn
to leveraging our multi-view capture system to track these markers over time.
For each framet, we detect visible marker corners in the 2D image plane of each
camera streamj , yielding detections D (j)

t � R 2. Corners identi�ed across multiple
views are triangulated and re�ned by minimizing the multi-view reprojection error
to �nd the optimal 3D coordinate p �

k;t :

p �
k;t = arg min

p2R 3

X

j2V k;t






 � j (p) � d (j)

k;t








2
; (1)

where � j is the camera projection operator, d(j)
k;t 2 D (j)

t , and Vk;t is the set of
cameras observing markerk at time t. To address observation sparseness from
self-occlusions, we apply post-processing strategies, such as temporal smoothing
and consensus �ltering, to yield re�ned positions ~p �

k;t . These steps are explained in
detail in the Supplementary Material. The �nal temporally coherent ground-truth
point cloud for the successfully tracked subset Kt � f1; : : : ; Cg is de�ned as:

PGT (t) = f ~p �
k;t j k 2 K t g: (2)

3.5 Residual Estimation

To compare the static canonical point cloudPbind against the temporally accurate
but sparse observationsPGT (t), we articulate Pbind using the ground-truth skeletal
pose� t via Linear Blend Skinning (LBS). By assigning LBS weights wk 2 R J to
each marker pk 2 P bind via barycentric interpolation from the rigged skin mesh
Sbind , the driven marker position is:

pk (� t ) =
JX

j=1

wk;j (R j (� t ) p k + t j (� t )) ; (3)

where Rj (� t ) and t j (� t ) are the global rotation and translation of joint j , derived
from the continuous 6D pose representation [68]. Soft-tissue dynamics (e.g., muscle
bulging) cause the observed position p�k;t to deviate from the kinematic prediction
pk (� t ). We isolate these non-rigid deformations as pose-corrective displacements
in the canonical space by computing the world-space residual and applying the
inverse blended transformation:

� k;t =

0

@
JX

j=1

wk;j R j (� t )

1

A

�1
�
p �

k;t � p k (� t )
�

: (4)
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