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1  Introduction

Simulations enable the analysis of complex systems, even 
if they are inaccessible from an experimental point of view, 
be it for technical, conceptual, or ethical reasons. One such 
example is identifying tissue deformation due to forces 
exerted by or imposed on our musculoskeletal apparatus. 
Such data is essential for tools intended to improve or con-
tribute to computer-aided surgery, in particular in the field 
of neuromuscular interventions. They rely on accurate and 
instantaneous predictions of a tissue’s response to external 
manipulation [5, 50]. Other examples are predicting joint 
movement due to muscle activation in the fields of rehabili-
tation, general physiotherapy, or training [22].

If such applications appeal to biomechanical models at 
all, they typically appeal to simplifying lumped-parameter 
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Abstract  This paper introduces a novel densely connected neural network architecture designed for the pervasive visualisa-
tion of musculoskeletal system simulations. These simulations are built upon continuum-mechanical frameworks, which 
effectively integrate the diverse structural and physiological properties of the musculoskeletal system. A significant draw-
back of continuum-mechanical musculoskeletal models is their substantial computational resource requirement, making 
them difficult to transfer to/visualise the results on resource-poor systems like augmented reality or mobile devices. Such 
technologies, however, will be crucial for future advancements in human-machine interaction, surgical support tools, or 
physiotherapy. We use an activation-driven five-muscle continuum-mechanical upper limb model to obtain the activation-
induced deformations of the respective muscles. Exemplified on the m. biceps brachii, we fit a sparse grid surrogate to 
capture the surface deformation and train a deep learning model that is subsequently used in our real-time visualisation. 
Based on the activation levels of the five muscles, the result of our trained neural network leads to an average positional 
error of 0.97±0.16 mm, or 0.57±0.10% for the 2809 mesh nodes of the m. biceps brachii’s surface. With the novel deep 
neural network model, we achieved evaluation times for the m. biceps brachii’s surface deformation of 9.88 ms on CPU-
only architectures and 3.48 ms on architectures with GPU support. This leads to theoretical frame rates of 101 fps and 287 
fps, respectively. The combination of surrogates and deep neural networks presented here succeeds as a proof-of-concept for 
real-time visualisation of a complex musculoskeletal system model, and does not rely on the inherent characteristics of the 
musculoskeletal system, and, hence, is also applicable to other real-time visualisations of complex meshed models in other 
applications.
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models [27, 63] such as those typically used in multi-body 
systems,  e.g.  [40]. Even though they can provide results 
in real-time [20, 59], they are not suitable for the above-
mentioned applications. Continuum-mechanical models 
are particularly useful for the volumetric description of tis-
sue deformation. Depending on their granularity, i.e., level 
of detail and complexity, e.g., inclusion of neurological 
aspects [cf., 2, 9], considerable computing times might be 
needed – even if significant computational resources, such 
as supercomputers, are available [11, 37, 38]. Continuum-
mechanical-based Finite Element (FE) simulations have an 
advantage, in particular over state-of-the-art Hill-type mod-
els, that they can take the spatial heterogeneities and multi-
physical phenomena into account. Within such a framework, 
the governing equations of finite elasticity, realistic muscle 
geometries, and consistent initial and boundary conditions 
are discretised using the FE method [17, 47]. The solution 
of the resulting nonlinear system consists of the displace-
ments of each nodal point of the FE mesh.

Existing real-time and fully three-dimensional volu-
metric biomechanical simulations are proposed, for 
example, by Bro-Nielsen and Cotin [12] for surgical inter-
ventions involving the uterus, or by Mendizabal et al. [39], 
a recent work on liver deformation. Besides individualised 
approaches to simulate biomechanically realistic and three-
dimensional tissue deformations in real-time, different 
modelling environments have been developed over the last 
years, for example, Artisynth, which implements a hybrid 
approach between volumetric and lumped-parameter model 
parts to focus computational resources [36], or SOFA, which 
facilitates modularity with regards to more or less complex 
solvers and linear constitutive models [5]. Both aim to opti-
mise performance but don’t adhere to any specific real-time 
criterion like a minimum frame rate, and compromise of 
model fidelity for the sake of performance. Predicting and 
visualising muscle deformations in real-time based on con-
tinuum-mechanical musculoskeletal system modelling that 
also takes into account the muscular activation level, has not 
been achieved up till now. Neither exist Virtual/Augmented 
Reality (VR/AR) environments that integrate such realistic, 
high-fidelity, biomechanical musculoskeletal system mod-
els into interactive systems. Most VR/AR approaches build 
on a gaming engine, or appeal to techniques typically devel-
oped for animations neglecting the underlying biophysical 
principles [6].

With this research, we aim to overcome these limita-
tions. We hypothesise that on-body VR/AR visualisation of 
realistic muscle deformations resulting from a three-dimen-
sional, volumetric biomechanical musculoskeletal system 
model is feasible in real-time, i.e., by generating more than 
30 frames per second – a commonly used lower bound for 
interactive systems to provide a smooth visual experience 

[cf. 19, 28, 14]. Making simulation technology accessible 
“anytime, anywhere” often on resource-constrained devices 
like augmented reality or mobile systems, is the subject of 
the research field of pervasive computing. In this context, 
pervasive computing means distributing computations and 
adopting model accuracy to achieve the required perfor-
mance regardless of the computational hardware, e.g., on 
a mobile device or a server infrastructure. In this sense, we 
focus on visualising realistic muscle deformation as it hap-
pens, where it happens, according to the camera-tracked 
movements of the person whose body the simulation results 
are overlayed upon on a given viewing device.

Aside from proof of concept, our target application serves 
more application-specific scenarios designed for medical 
staff or therapeutic applications. Reliance on expensive, 
specialised hardware stands in direct opposition to this. 
Hereby, surrogate modelling aims to offer an accurate pre-
diction of the input-output behaviour of a quantity of inter-
est in a model, at a lower computational cost than evaluating 
the model itself. Beyond more traditional surrogate mod-
elling methods, such as model order reduction techniques, 
Deep Learning (DL) approaches have been established in 
an effort to find abstract, real-time capable surrogate mod-
els for biomechanical simulations, as well as FE simulation 
in general [18, 29, 46, 54]. Deep Learning methods require 
large amounts of training data, which can, for example, be 
generated using offline simulations. Here, offline refers to 
running the necessary simulations completely independent 
of the target application and on as large high-performance 
computing systems as needed.

One computational method to efficiently approximate 
complex and expensive simulations or systems, used to 
accelerate tasks like optimisation, uncertainty quantifica-
tion, or sensitivity analysis, is to use surrogate models [4, 
13, 21, 53]. Within this work, we combine several surrogate 
modelling techniques. Specifically, we adapt the work of 
Valentin et al. [58] to muscle surface deformation and use 
the resulting surrogate’s output, which is based on a high-
fidelity biomechanical FE musculoskeletal system model of 
the upper limb, as training data for a DL model (see also 
[33]). In other words, we simulate a high-fidelity model and 
use its output data to construct surrogate and DL models 
to achieve the maximum accuracy and evaluation speed 
possible with the respective and available hardware infra-
structure. Further, we demonstrate that the performance is 
sufficient that the utilised high-fidelity model of the human 
upper limb can be visualised in real-time and on-body, using 
resource-constrained mobile devices such as VR/AR hard-
ware. In this context, we assume that data about a person’s 
arm pose is provided in real-time and the neurological input 
to each muscle (one homogenised activation level per mus-
cle) is known, e.g., as a solution of an inverse problem that 
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appeals to a sparse grid (SG) as a surrogate model (sparse 
grid surrogate for short).

2  Methods

Before going into the surrogate modelling process and its 
individual components, first, the continuum-mechanical 
model of the upper arm will be described in some detail, 
as it is both the source of the data required for the proposed 
surrogate modelling/deep learning methods, as well as the 
starting point for all further considerations. The model was 
provided by Fraunhofer IPA and is presented in more detail 
in [7].

2.1  Continuum-mechanical model

The continuum-mechanical model of the upper limb con-
sists of two main parts: a geometrical model discretised 
using the FE method and an appropriate constitutive for-
mulation for the stress tensor describing the mechanical 
behaviour of the skeletal muscle tissue. In brief, in con-
tinuum mechanics a body B is considered as a coherent 
manifold of material points (particles) P ∈ B. For later 
reference, we denote the body’s surface as ∂B ⊂ B. The 
material points P  are parametrised by means of a position 
vector X in the undeformed reference configuration and 
the placement function χ(P, t) = χ(X, t) = x(X, t) estab-
lishes the mapping (point map) between the reference con-
figuration and its current configuration with coordinates x. 
Consequently, the displacement vector at time t is defined 
as u(X, t) = x(X, t) − X. Further, the deformation gradient 
(line map) F is defined as

F(X, t) = ∂χ(X, t)
∂X

= ∂x(X, t)
∂X

.� (1)

For later use, we further introduce the right Cauchy-Green 
deformation tensor C = FT F.

The geometrical (FE) model of the upper limb contains 
three bones and five muscles (see Fig. 1). The bones are 
modelled as rigid bodies and are namely the humerus, 
radius, and ulna. Radius and ulna revolve around a hinge 
joint, connecting them to the lower head of the humerus. 
The muscles actuating the joint are the m. biceps brachii 
(biceps), m. brachialis (brachialis), and m. brachioradialis 
(brachioradialis) for flexion as well as the m. triceps brachii 
(triceps) and m. anconeus (anconeus) for extension. The dis-
tal end of the humerus is fixed and aligned with the z-axis. 
The anatomical model of our upper limb (Fig. 1) is based on 
the Visible Human dataset [2] and discretised using the FE 
method. The meshing was done with the pre-postprocessor 

ANSA. Special attention was given to ensuring sufficient 
accuracy of element density and element quality. The entire 
muscle-tendon-system consists of 638 737 tetrahedral, lin-
ear Lagrange FE elements with 4 nodes each. The biceps by 
itself, which serves as our proof-of-concept example in this 
paper, is discretised with 68 292 elements. For the mutual 
interaction between muscles and muscle with bone, a mor-
tar surface-to-surface contact formulation is applied. The 
proximal tendons are fixed to the ulna and radius with tied 
node-to-surface contact formulation.

The constitutive material description used within this 
work for the second Piola-Kirchhoff stress tensor S is based 
on a formulation using the right Cauchy Green tensor that 
is equivalent to the transversely isotropic muscle-tendon-
description proposed by Röhrle et al.  [49]. To describe 
the mechanical behaviour of the skeletal muscles consti-
tutive behaviour, they use a phenomenological approach 
that is based on the principal invariants I1 = tr[C], 
I2 = tr[cof [C]], I3 = det[C] and the current (muscle) fibre 
stretch λf =

√
a · a =

√
tr[MC] with the structure tensor 

M = a0 ⊗ a0, the referential fibre direction unit vector a0 
and “⊗” denoting the dyadic product. The vector a0 relates 
to its current counterpart via a = Fa0. The stress S is addi-
tively split into an isotropic and an anisotropic term, i.e., 
S = Siso + Saniso, and the anisotropic part is further split 
to take into account passive anisotropic tissue, e.g., tendon, 
and active contributions of skeletal muscle tissue, [cf. 32]:

Fig. 1  Finite-element model. Rendering of the finite-element upper-
limb model, with the definition of the joint angle ϑ. The colours help 
differentiate between different tissue compositions. For each individ-
ual muscle, moving from the muscle belly towards the tendon, these 
are: pure muscle (brown-red), a muscle-tendon-mix (magenta), pure 
tendon (light red) and bands mimicing connective tissue (light blue)
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solve the appropriate weak form of the linear momentum 
balance (the governing equation)

div[σ] + ρ g = ρ ẍ, � (9)

in spatial configuration. The stress tensor S from Eq.  2 
is connected to the Cauchy stress tensor in Eq.  9 via 
σ = det[F]−1 FS FT . Further, ρ is the material density 
in the current configuration and g denotes acceleration due 
to gravity. We expect sufficiently slow movements, ẍ ≈ 0, 
so that the problem becomes quasi-static. To ensure nearly 
incompressible deformations, k is chosen sufficiently large.

The continuum-mechanical model described in this 
section constitutes a function α → x(P), ∀ P ∈ B and 
∀ αi ∈ [0, 1], i = 1, .., 5, where αi refers to the activation 
levels of the individual muscles in the model, while α is a 
vector containing all five activation values. For the subse-
quent surrogate modelling we will - without loss of general-
ity - focus on the biceps surface specifically.

2.2  Sparse grid surrogate

With respect to the elbow joint angle, the upper limb 
model represents an overdetermined system. Conse-
quently, an optimisation is needed to solve the inverse 
problem of finding the muscle activation levels neces-
sary to reach a given pose. The original FE model can-
not be used to handle this process in a reasonable time 
span, not even on high-performance hardware. Tests on 
a cluster with 64 CPUs, with 3 GHz each, and 1 TB of 
RAM showed evaluation times of up to 4 minutes per 
deformation state. Instead, FE model evaluations were 
restricted to 1053 states, uniformly distributed across 
the 5D parameter space of all activation levels. The 
number of states and their distribution were chosen to 
fit the support for a uniform SG. We use this surrogate 
to interpolate the nodal displacements corresponding to 
these known 1053 activation states from the FE model 
in order to evaluate the displacement for any activa-
tion αi ∈ [0, 1]. The SG only interpolates in the activa-
tion domain, not in space. Strictly speaking, we use an 
ensemble of SGs, one per node in the FE mesh. For the 
purposes of this paper, we simply refer to this ensemble 
as a whole as the SG surrogate, which constitutes a func-
tion α → x(Pmesh), ∀ Pmesh ∈ ∂Bbiceps, where Pmesh 
refers to mesh node, rather than material points P . The 
size of the support of a SG is characterised by its level l. 
A higher level results in a more fine-grained grid, allow-
ing for more accurate interpolation. Choosing a level is 
thus a trade-off between computational cost and accuracy. 
Based on the previous findings by Valentin et al. [58], a 

S = Siso + (Spassive + αγMSactive)(1 − γST ), � (2)

where α ∈ [0, 1] is the muscle activation, as a percentage 
of the maximum possible active stress, γM , γST ∈ [0, 1] 
are factors to adjust the tissue compositions, e.g.  muscle 
with γM , γST > 0), tendon (γM = 0, 0 < γST ≤ 1), and 
fat (γM = γST = 0). The isotropic part constitutes a nearly 
incompressible Mooney-Rivlin-type material [cf. 42, 48]:

Siso = (B1I + B2C + B3C−1) + k (I1/2
3 − 1) I

1/2
3 C−1, � (3)

where k is the so-called bulk modulus [16],

B1 = 2c1I
−1/3
3 + 2c2I

−2/3
3 I1, � (4)

B2 = −2c2I
−2/3
3 , and � (5)

B3 = −2/3c1I
−1/3
3 I1 − 4/3c2I

−2/3
3 I2. � (6)

with material parameters c1 and c2. As described in [49], 
the passive term Spassive of the anisotropic stress is chosen 
to be:

Spassive =

{
c3
λ2

f

(
λc4

f − 1
)

M for λf ≥ 1 ,

0 else ,
� (7)

where c3 and c4 are material parameters associated with the 
anisotropy of the material. The active part Saniso, is given 
by:

Sactive =




σmax
λ2

f

exp
(

−
∣∣∣∣

λf /λopt
f

−1
∆Wasc

∣∣∣∣
νasc)

M for λf ≤ λopt
f

σmax
λ2

f

exp
(

−
∣∣∣∣

λf /λopt
f

−1
∆Wdesc

∣∣∣∣
νdesc)

M for λf > λopt
f ,

� (8)

where σmax is the maximum active stress a muscle can gen-
erate at its optimal fibre length λopt

f . Furthermore, Wasc and 
νasc define the ascending part of the force-length-relation 
of the muscle, while Wdesc and νdesc are the corresponding 
counterparts for the descending part. The material param-
eters are summarised in Table 5 in the Appendix.

The constitutive material model defined in Eqs. 2-8 has 
been implemented by the Fraunhofer IPA as a user-material 
in the commercial FE software LS-DYNA1. For further 
details on the originally incompressible formulation of the 
constitutive model see [49, 52], and [7] for additional infor-
mation on this implementation for the upper limb model, 
as well as the FE model itself. An implicit solver is used to 

1  https://lsdyna.ansys.com
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2.3  Neural network surrogate

With sparse-grid-surrogate evaluation times of up to 100 
ms for the visualisation of the biceps’ surface, the SG sur-
rogate is notably faster than the original FE simulation but 
not fast enough for real-time visualisation. Thus, results 
from SG interpolation are used as training data for a real-
time-capable deep learning surrogate. To predict the acti-
vation- and stretch-induced deformation of the biceps’ 
surface in real-time, a densely connected feed-forward 
neural network (NN) is employed. Note the NN surrogate 
is not supposed to be a one-to-one replacement for the SG. 
As the relation between joint angle and muscle activation 
input might not be bijective, i.e., multiple joint angles 
might relate to the same muscle activation levels, we addi-
tionally desire “energy efficiency of the musculoskeletal 
system," i.e., penalising sets of activation levels with high 
values.

Within this work, we achieve this by defining the follow-
ing cost function for the optimisation:

αk
opt = argmin

αk∈[0,1]5

(∣∣Θk − ϑk(αk)
∣∣ + 0.05 ·

5∑
i=1

αk
i

)
,� (17)

where Θk is the target elbow angle and ϑ(αk) is the in silico 
determined elbow angle due to activation parameters αk. 
The scaling of the sum of the activation levels was chosen 
through a series of optimisation test runs, to determine how 
much the sum of activations needs to be discounted to not 
favor low activations to the point of missing the given target 
joint angle Θk. With a factor of 0.05, the target joint angle 
was achieved with an accuracy of at least 0.001◦ in all test 
cases.

To speed up the activation-joint-angle-relationship cal-
culations during the online phase, we evaluate Eq. 17 for a 
set of admissible activation parameters (10◦ ≤ Θk ≤ 150◦) 
and subsequently use the αk

opt within a SG surrogate for the 
deformation of each mesh node on the muscles’ surface. As 
we consider quasi-static conditions, we omit superscript k 
for the time instance from now on. The deformation is then 
used to train a NN surrogate, i.e., it is trained to approximate 
a function αopt → u(Pmesh), ∀ Pmesh ∈ ∂Bbiceps. This is 
obtained by evaluating the SG surrogate for all the mesh-
nodes Pmesh at αopt, and subtracting the known reference 
coordinates of the given node X(Pmesh) from the result. All 
these evaluations and the training of the network can be done 
during the offline phase. The reference configuration is added 
to the bias of the last layer in the NN post-training, to con-
vert from the displacement back to the Cartesian coordinates 
of the mesh-nodes. With this the NN surrogate provides the 
desired function αopt → x(Pmesh), ∀ Pmesh ∈ ∂Bbiceps.

regular SG of level l = 2 was deemed dense enough to 
achieve sufficient approximation accuracy. Each activa-
tion level of one of the five muscles in the model consti-
tutes one dimension of the SG. Spanning this parameter 
space with an SG of level 2 requires the aforementioned 
1053 unique activation combinations. The interpolation 
between the support points is based on cardinal B-splines 
of degree p = 3. A B-spline bp : R → R is defined recur-
sively by:

b0(x) = 1[0,1)(x), bp(x) =
ˆ 1

0
bp−1(x − y)dy .� (10)

The hierarchisation of these splines is given as the affine 
transformation

φp
l,i(x) = bp

(
x

hl
+ p + 1

2
− i

)
, hl = 2−l .� (11)

For SGs of dimension d, multivariate, hierarchical B-splines 
are obtained by computing a tensor product

φp
l,i(x) =

d∏
t=1

φpt

lt,it
(xt), l ∈ Nd, i ∈ Il = Il1×, ..., ×Ild

, � (12)

with corresponding grid-points

xl,i = (xlt,it
)t=1,..,d, xlt,it

= it · hlt
.� (13)

In the multivariate case,  and  encompass all indices and 
levels associated with a given quantity, as both of those are 
defined per input dimension and can vary between them. 
Valentin and Pflüger [57] showed that for odd p the nodal 
subspace V p

l  of a regular SG of level l and dimension d can 
be described by the direct sum:

V p
l = ⊕

∥l∥1≤n+d−1
span{φp

l,i|i ∈ Il}� (14)

The contribution of each subspace to the approximation f̂  of 
a given function f : [0, 1] → R is controlled by weighting-
coefficients, the so-called hierarchical surpluses αl′,i′ , and 
defined by

f̂(x) =
l∑

l′=0

∑
i′∈Il′

αl′,i′φl′,i′(x) ,� (15)

with

f̂(xl,i) = f(xl,i) ∀i ∈
[
0, 2l

]
.� (16)
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c = ninputs − a . � (21)

Figure 2 shows a visual representation of this NN architec-
ture. The best training results were reached with the number 
of hidden layers nhidden = 5 and the width of the mid-layer 
of the network nmid = 700. Note, that there is not necessar-
ily a layer with exactly the width nmid, as is the case here. 
The exponential function spans from the input layer to the 
last hidden layer, putting the mid point between the second 
and third hidden layer (cf. Figure 2). The function param-
eters were chosen as small as possible, while maintaining 
sufficient accuracy, i.e., sufficiently low mean squared error 
(MSE), of the predicted coordinate output, by comparing 
NNs with varying values for these parameters.

2.3.2  Dimension-decoupled training

Three individual networks were trained, one for each coor-
dinate dimension. Post-training, these individual models 
were combined into a single NN, with three channels, via 
network-graph redefinition, using the Keras functional API 
Fig. 2). Each of the three networks was trained using five-
fold cross-validation [44], i.e., the training data was shuf-
fled and divided into five partitions, one of which was used 
for validation and four for training for a certain number of 
epochs defined. Using five folds is a common choice, meant 
to ensure each individual fold still contains enough samples 
to be representative of the entire data-set. After each “fold”, 
which partition is used for validation, and thus not shown 
to the model during training, changes. The networks were 
trained for 400 epochs on each fold, resulting in an over-
all training duration of 2000 epochs on the MSE, with the 
mean absolute error as an additional metric. Here, “mean” 
refers to a mean value across all surface nodes in a given 

The NN was implemented using the open-source API 
Keras for TensorFlow in Python [1, 15].

2.3.1  Neural network architecture

The NN architecture needs to bridge the gap between the 
number of inputs nin = 5, i.e., the number of muscle acti-
vation parameters of the FE model, and the number of out-
puts nout = 2809. In lack of any immediate benefit from 
more specialised layer-types as per the data, the NN con-
sists entirely of densely connected layers. While there are 
three Cartesian coordinates to consider for each node, the 
coordinate directions are trained separately, each using an 
identical architecture, receiving the same input. How the 
training was conducted will be described in more detail in 
Section 2.3.2. The width w of each layer, i.e., the number 
of neurons per layer, increases exponentially from input to 
output of the NN. While funnel-like shapes are fairly com-
mon in deep learning, e.g. in autoencoders [33, 34], this 
architecture was not designed in reference to an existing 
one. See section 3.1 for more details on the development 
process.

The parameters of the exponential function are the num-
ber of hidden layers nhidden, ninputs, noutputs, and nmid, 
which specifies the width to be reached half-way between 
the input- and output-layer:

w(n) = a · eb·n + c , with � (18)

a =
n2

mid − n2
inputs

noutputs − 2 · nmid − ninputs
, � (19)

b = 2 · nhidden · log(noutputs + ninputs

nmid + ninputs
) , � (20)

Fig. 2  Combined model. Combina-
tion of the three NNs for the x-, 
y- and z-coordinate, by defin-
ing a common input for all three 
networks (or three channels, once 
it is one model) and a concatenated 
output. The width of each layer is 
noted above it. The exponential 
function prescribing the layer 
width spans from the input to the 
last hidden layer, meaning nmid is 
reached between the second and 
third hidden layer
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For the initial prototyping stage, we assumed 10 epochs 
to be sufficient to check if a particular network shape would 
lend itself to the data. The results of a particular test is 
provided in Table 1. The T-shaped architecture performs 
notably worse than its competitors. The rectangular and 
triangular architectures are on par. However, the triangular 
architecture reaches this level of accuracy with less than half 
the number of trainable parameters of the rectangular one. 
Based on these findings, the exponential curve introduced in 
Eqs. 18 - 21 was set up to slim the layer width in the mid-
section of the NN, while maintaining the basic shape of the 
triangular architecture. This slimmed network performed 
without loss in accuracy, with an MAE of 2.2 mm. Further, 
we reduced the number of hidden layers step-by-step. This 
was possible without loss of accuracy down to five hidden 
layers, before further reduction caused a notable decline in 
training accuracy, with an MAE of upwards of 50 mm.

These initial steps were taken while training on the nodal 
coordinates, not the deformation. Visualising results from 
direct coordinate prediction showed the biceps as a whole 
to noticeably drift sideways during contraction. Training on 
the deformation instead, and adding the known reference 
configuration of the model output to attain the coordinates 
of the deformed state, removed any visual drift from the pre-
dicted nodal positions. Further improvements were achieved 
with longer training times (cf. Figure 3). Furthermore, the 
dimension-decoupled training proofed to allow for a notice-
ably smaller NN model overall. Simply put, to reach the 
same level of accuracy, when training on the vectorised 
data directly, required more than three times the number 
of trainable parameters contained in a NN trained on only 
one of the three components of the coordinate vectors. In 

configuration. In the results and the discussion the mean 
absolute error (MAE), will be of particular interest, since it 
is a metric in millimeters, allowing for better physiological 
consideration of the errors magnitude. No custom schedule 
for the learning-rate, i.e. scaling of the size of each optimi-
sation step applied to the network weights, was used. Addi-
tionally, Keras’ “callbacks” functionality was used to select 
the version of the NN that performed best, i.e., has the low-
est loss across all epochs. This was done to account for fluc-
tuations in the in-training performance from epoch to epoch, 
meaning the last iteration of the NN was not necessarily the 
best-performing one. Keras’ functional API allows for the 
redefinition of network graphs layer-by-layer. This was used 
to define a common input and output for the three networks, 
without needing to manipulate their tensors manually. The 
only manual weight-editing is the aforementioned addi-
tion of the reference configuration to the last layer’s bias, 
converting the NN’s output from displacement to Cartesian 
coordinates.

3  Results

3.1  Performance of the NN architecture

As the training data does not indicate an immediate benefit 
to using a more specialised layer type NN model, we chose 
fully connected layers for our NN. To find a suitable NN 
structure, we tested the following three rudimentary options 
to connect the five input parameters to the 2809 outputs: 

1.	 changing the layer width as late as possible, resulting in 
a T-shaped NN

2.	 changing the layer width as early as possible, resulting 
in a rectangular NN

3.	 changing the layer width linearly as a function of the 
distance to the input, resulting in a triangular NN

With these networks as a starting point, we aimed to arrive 
at an architecture that best balances number of trainable 
parameters and prediction accuracy, without simply relying 
on trial and error. To be able to compare these three archi-
tectures, we generated prototypes with an arbitrary depth of 
10 hidden layers.

Table 1  Comparison of three different prototype architectures for 
learning the X-coordinates of the biceps’ mesh, based on in-training 
MAE of predicted node positions after ten epochs, and the number of 
trainable parameters

T-shaped Rectangular Triangular
# of Parameters 17.154 71.056.494 26.103.046
MAE in mm 430 2.4 2.3

Fig. 3  Training history. In-training performance of the three coordi-
nate-networks shown as the MAE of predicted nodal positions in mm 
over the number of epochs trained
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optimal activation vectors are computed, since activations 
not optimal to any joint angle should not be encountered in 
the end application. This test yielded a MaxAE of 3.75 mm 
and a MaxRE of 5.69%, a MAE of 0.97 mm and a MRE of 
0.57%. See Table 2 for a summary of these results.

3.3  Error propagation

Since the NN surrogates are trained on data from the SG 
surrogate, not the FE simulation, i.e., training on data origi-
nating from an approximation, it is essential to study error 
propagation to ensure that the NN does not amplify the 
approximation error of the SG. To investigate this, the FE 
model was run for 25 activation combinations drawn ran-
domly from a uniform distribution. Both the SG and the 
NN surrogate were evaluated for the same activation vec-
tors, and the results of the subsequent comparison of both 
to the FE simulation are summarised in Table 3. The error 
of the NN with respect to the original FE simulation closely 
matches that of the SG.

3.4  Evaluation times and theoretical frame rates

In addition to analysing errors, the evaluation speed of the 
model was also tested. This is crucial for applications run-
ning on resource-limited hardware such as AV/VR goggles. 
Runtime was evaluated by once evaluating the runtime 
individually for x-, y- and z-coordinate and summing up 
the individual times, the runtime for the combined model 
(cf.  Figure  2), and the runtime using a TensorFlow-Lite-
version of the combined model. All runtime studies were 
performed on a CPU only infrastructure (Intel i5 with six 
cores and 3 GHz clock speed) and on a infrastructure with 
a GPU (Nvidia Geforce GTX 1650 with 4GB VRAM). The 
runtime results, averaged over 1000 evaluations, are given 
in Table 4.

On the CPU-only architecture, a theoretical frame rate 
of about 75 frames per second (fps) was achieved for the 
combined as well as the individual model approach. For 
execution on the GPU-supported architecture, the runtime 
differs, i.e., with the combined model being 0.57 ms faster 
than the sequentially executed models. Hence, the theoreti-
cally achievable frame rates are 246.91 fps and 287.36 fps, 
respectively. The results for the TensorFlow Lite model are 

fact, training the NN with the same number of hidden layers 
using the 3D data instead of considering each dimension by 
itself, the MAE did not decrease below 20 mm. Hence, three 
individual networks were trained, one for each coordinate 
dimension, and combined into a single NN via network-
graph redefinition post-training.

3.2  Accuracy analysis

Figure 3 shows the performance of the current lowest loss 
model over the course of 2000 epochs of training. For refer-
ence, without the use of callbacks the model loss fluctuated 
between 1 · 10−1 and 1 · 10−2 mm of MAE. The initial drop 
in loss over the first 50 epochs experienced no fluctuations. 
After 2000 epochs, in-training accuracy showed a maximum 
absolute error (MaxAE) of 0.37 mm, which corresponds to 
0.38% of the respective deformation at the respective loca-
tion. The mean error is 0.014 mm.

Out-of-training performance usually refers to a NN gen-
eralisation capabilities. Since the input parameter space for 
this model is strictly bounded, this means evaluating activa-
tion combinations not contained in the training data set. We 
tested out-of-training performance by iteratively generating 
random activation vectors. New random activation vectors 
were continuously added and the NN’s error was determined 
by comparing its output with the solution of the SG, which 
was assumed for this purpose to be the ground truth. This 
process terminated once the highest recorded MaxAE of the 
NN did not further increase for 300 consecutive iterations. 
We assume this criteria to be equivalent to having found 
the worst-case error. The results were a maximum abso-
lute error (MaxAE) of 11.96 mm and a maximum relative 
error (MaxRE) of 13.28% (cf. first row of Table 2). Here, 
the MaxRE is not the converted MaxAE, but the overall 
recorded maximum relative error value. The highest mean 
absolute error (MAE) across all configurations was 2.15 
mm, and the highest mean relative error (MRE) was 1.59%.

Random sampling will include activation vectors, which 
will not be encountered in the final application, as they are 
not an optimal choice for any given joint angle. In addition, 
we iteratively tested for random joint angles, for which the 

Table 2  Out-of-training accuracy. Summary of the out-of-training 
accuracy of the NN. Predicted nodal positions were analysed for ran-
dom activations and optimal activations for random joint angles as NN 
inputs. Relative maximum errors were determined independently from 
the absolute values

MaxAE MaxRE MAE MRE
(mm) (%) (mm) (%)

Random 11.96 13.28 2.15 1.59
Activation
Random  3.75  5.69  0.97  0.57
Angle

Table 3  Error propagation test. Summary of the accuracy of the SG 
and the NN tested on 25 random activations evaluated using the FE 
model. The NN was tested on the 1053 support points that were used 
to construct the SG from the FE-model as well

MaxAE MaxRE MAE MRE
(mm) (%) (mm) (%)

SG 17.79 10.14 2.86 1.52
NN 18.28 9.38 2.84 1.45
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education in physiotherapy and training (also see Section 
4.2).

In the intermediate results from the first 100 epochs of 
training, the accuracy of the predicted node coordinates dif-
fered substantially across the biceps’ surface. More specifi-
cally, while visualising a cycle of arm flexion and extension, 
consistent areas of high absolute error. This did not corre-
spond to a higher MRE than for other surface configurations. 
This mostly concerned configurations for which all flexors 
were at least partially activated. An example of a configura-
tion exhibiting these hot-spots can be seen in Fig. 4, where 
the higher the MAE, the lighter the colour of the area. These 
regions, ordered by decreasing MRE, are namely the lower 
tendon, the medial side of the biceps’ belly, as well as the 
more lateral, dorsal area of the muscle belly. The error dis-
tribution across the muscle equalised and diminished with 
prolonged training and eliminated all hot-spots after train-
ing was completed. Error hot-spots could be due to insuffi-
cient training or the anatomical complexity. Error hot-spots 
due to insufficient training can probably be neglected. This 
assumption is supported by the fact that the hot-spots level 
off with increased training times (cf. Figure 4). Inspecting 
the regions that exhibit high errors, one observes that they 
coincide with contact areas, e.g. the contact area between the 
biceps and other flexors, like the M. brachioradialis (BR). 
In the current model, the contact areas are relative small 
compared to the overall surface area of the muscle. Thus, 
the NN most likely does not focus on accurately learning 
the characteristics of the placement functions for the nodes 
within the contact areas compared to the rest of the muscle. 
This phenomenon will likely diminish if all muscles and the 
fat and skin layer are considered. In this case, the contact 
areas of the muscles are dominant. Implementation of a fat 
skin layer is desirable, but not essential for proofing the fea-
sibility of the proposed method. In addition, the assumption 
that the main contributor to the error hot-spots is the com-
plex anatomical geometry, is supported by the observation 
that the tip of the lower tendon of the biceps (attachment to 

identical for GPU and CPU, with an evaluation time of 9.88 
ms, i.e., a frame rate of 101.21 fps.

4  Discussion

Muscles undergo large deformations [45]. The average 
nodal deformation in our dataset of the biceps surface is 
10.31 ± 8.62 mm, with a maximum deformation of 45.49 
mm. Relative to that the accuracy of the NN prediction 
reported in Table 2 of 0.57 % is good (for further discussion 
see Section 4.1).

However a limitation we are facing with this proof-
of-concept for any kind of clinical application is patient-
specificness, not only with regards to model geometry, but 
also material parameters. Interpersonal variability due to 
age, gender or level of fitness can be considerable, no mat-
ter which part of the human body is being modeled [cf. 
3, 23, 43]. This poses a challenge for the use in, e.g., sur-
gery support tools. There it could be particularly useful to 
have access to quick evaluation of “what if...?”-scenarios. 
This would entail extending our surrogate modelling work-
flow to also consider parameters of our constitutive model 
as input, potentially enabling real-time assessment of the 
influence of parameter variation on the deformation output. 
This is currently beyond the scope of this contribution. That 
said, the results presented here still hold potential for appli-
cations outside of diagnostics, such as motion guidance or 

Table 4  Comparison of evaluation times of different versions of the 
NN model, averaged over 1000 evaluations. The test was conducted 
with and without GPU-support, except for the TensorFlow Lite ver-
sion, which is a CPU-only network format
Model version Average runtime per execution

CPU-only GPU-supported
architecture architecture

three separate models 13.65 ms 4.05 ms
combined model 13.34 ms 3.48 ms
combined model Lite 9.88 ms –

Fig. 4  Error “hot-spots”. On the left: relative error analysis after 100 
epochs of training, with colour-coding for x (red), y (yellow), z (blue). 
All three colour channels are normalised to 5% relative positional 
error. Bright yellow regions of comparatively high error appear in 

multiple configurations on the muscle belly and at the lower tendon 
(here on the right of the biceps). Post training, i.e. after 2000 epochs, 
the error is smaller overall, and more evenly distributed, as shown in 
small on the right

 

1 3



Medical & Biological Engineering & Computing

The additional results regarding error propagation shown 
in Table 3 show that inaccuracies of the SG dominate the 
overall error. These inaccuracies can not be disregarded 
as fringe effects, as they occur at mid-level values. Hence, 
an accurate SG model approximating the FE-model well 
is essential. To do so, we can either increase the number 
of SG support points overall for a finer uniform grid, or 
select them through an adaptive process. We are currently 
already working on a iterative, adaptive SG setup. In this 
implementation, the accuracy of the SG surrogate is tested 
against a validation data set, like the one used for the evalu-
ation shown in Table 3, each iteration. The FE model is then 
prompted to run using activation levels the SG is estimated 
to be particularly inaccurate for, judging by its performance 
on the validation data. The results of this simulation can 
then be added to the SG support to increase its size until 
overall SG estimation error on the validation data set falls 
below a given threshold. For more details on this type of SG 
please refer for example to [56] and for the selection of new 
candidate support points to [31]. This would alleviate the 
the concerns brought up by the results shown in Table 3. As 
the NN surrogate can inevitably only be as accurate as the 
training data generated using the SG, this benefits the entire 
workflow.

Pervasive computing has the potential to further decrease 
the error and potentially the runtime. We envision to include 
additional, external computational resources on which one 
can run simulations of more complex and accurate mod-
els. The idea is to offload computations to other resources, 
dynamically at run-time, based on availability of resources 
and time constraints. The result is the best possible perfor-
mance depending on the available hardware.

Overarching, deep learning models are black boxes with 
no formal way of predicting the accuracy or the error prop-
agation if surrogate models are used. The result is highly 
dependent on the quality of the training data [41]. As we 
use here a continuum mechanical model, which is based on 
homogenising the micro-scale, and the FE method to dis-
cretize the underlying governing equations, our training 
data is subject to a discretisation error. This is, however, 
mitigated by the fact that FEM, continuum mechanics, as 
well as SG are formally well established [10, 61]. That said, 
in future iterations of this work the biomechanical model-
ling will be an area of focus, as additions like a fat skin layer 
surrounding the musculature and a more complex elbow 
joint, driven by the geometry of the joint (as compared to a 
hinge joint), could considerably improve the realism of the 
model and its dynamics. Note, that this would not necessi-
tate changes to the surrogate modelling workflow presented 
here. It would improve the data piped through it.

The measured evaluation times (see Table 4) show that 
all tested versions of the model are real-time-capable. A 

the bone) also exhibits comparatively higher errors. This is 
most-likely caused by both the complex geometry and the 
placement function for the respective nodes exhibit stronger 
nonlinearities.

We know from other deep learning models, especially 
in the case of classifiers, that rare cases pose a particular 
challenge for them. In such cases, data augmentation tech-
niques are a common technique to make rare occurrences 
more prevalent in the data to increase their influence during 
training [35]. A similar idea could be applied here, e.g., by 
subdividing the NN model into parts with each specialis-
ing on one of these regions and nodes. However, since the 
hot-spots vanish given sufficient training time, we argue that 
data augmentation will not be necessary for our case. Future 
research with more complex musculoskeletal system mod-
els (in terms of number of muscle, multiple joints, and fat 
and skin layer) has to show how significant the muscle-to-
muscle contact effect is pronounced. Ideally, this would also 
be accompanied by experimental validation, to supplement 
our in silico findings and further the clinical relevance of 
this research. However, as stated right at the beginning of 
this work, there is currently simply no experimental tech-
nique available to capture the deformation of entire muscles 
in vivo. Current developments in 3D muscle reconstruction 
using ultrasound may offer a solution to this, as well as open 
up possiblities for models with personalised geometries 
[51]. Introducing such patient specific elements into this 
pipeline, would also necessitate careful handling of both the 
data and the surrogate models, since they would have to be 
considered medically sensitive personal data.

4.1  Out-of-training performance

Out-of-training accuracy is within expectations. While the 
NN can not provide the level of accuracy of the original 
simulation or the in-training accuracy, an MaxRE of 5.69% 
and an MaxAE of 3.75 mm (cf. Table 2) are of no concern in 
the context of the visualisation of skeletal muscle deforma-
tion during motion, given they constitute the worst-case per-
formance and are still small relative to the magnitude of the 
deformation. The MAE and MRE, which are one order of 
magnitude less than the worst-case performance, i.e., 0.97 
mm and 0.57% respectively, support this statement. The 
level of accuracy measured out of training is good enough to 
suggest that the model has not gone into overfitting, where 
in-training performance is excellent, but out-of-training per-
formance is considerably worse. For this particular iteration 
of this workflow, an easy case for reliability of the surro-
gate models can be made, in the sense that the entire input 
parameter space can be explored. For future versions, with 
more degrees of freedom, global exploration of the param-
eter space may become more difficult.
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guided path, shown to them in VR/AR. This model could 
help the patient to appreciate how their motions result from 
muscle contraction and aid the physiotherapist in explaining 
possible issues and solutions. Ideally, this could allow the 
patient to share in their therapist’s intuition. The guidance 
could help provide feedback to the patient on what exactly 
the motion is they should try to achieve [25], and even con-
tinue to do so, when training unsupervised at home [55]. For 
a more in-depth discussion of such a system also see the fol-
lowing contribution by Yu et al. [62]. Considerations regard-
ing AR applications in physiotherapy were made as part of 
a interdisciplinary tandem project, since implementing them 
requires a variety of backgrounds in order to succeed.2 Per-
haps even more importantly than guiding the patient, patient 
education has been shown to have a significant influence 
on therapy outcome. As a anatomically accurate, intuitive 
visual aid for the physiotherapist to inform the patient about 
what there musculature looks like, how it moves and works, 
this visualisation can directly improve the chances of thera-
peutical success. Doing these exercises at home, AR as a 
setup still allows for awareness of the physical surroundings 
alongside working with the simulation overlay. As we only 
consider slow movements, the risk posed by user error is 
low, but nevertheless, care should be taken, when instruct-
ing people on how to use these kinds of applications.

5  Conclusion and outlook

The aim of this work was to find a workflow that is suit-
able for visualising data from continuum-mechanical for-
ward simulations in real-time, to further the development 
of pervasive simulation and open up continuum mechanics 
to a wider variety of applications. The presented proof-of-
concept model is able to predict the surface configuration 
of the biceps, based on a vector of activation levels optimal 
for reaching a certain target elbow angle, within an aver-
age error of 0.97 mm at a frame rate of up to 287.35 fps 
on non-high-end hardware. This model thus fulfills our set 
criteria. Achieving this kind of accuracy in real-time with a 
musculoskeletal system model of this complexity is novel, 
and the opportunities for new kinds of visualisations based 
on complex, meshed FE simulation data, are numerous. As 
outlined in previous section, motion guidance for unsu-
pervised physiotherapy and intuitive patient education are 
benefits this workflow can already provide. Additionally, as 
mentioned in Section 4, expanding this workflow to include 
key constitutive parameters and personalised geometries 
could greatly increase its applicability in a clinical setting. 
Also note that even taking the aim of pervasiveness aside, 

2  ​h​t​t​p​s​:​​​/​​/​w​w​​w​.​s​​i​m​t​​e​c​​h​​.​u​​n​​i​-​​s​t​u​​t​t​g​a​​​r​t​​​.​d​e​​/​​e​​x​c​/​r​​e​s​e​​​a​r​​c​​h​/​p​​n​/​p​n​​7​/​p​n​7​-​1​/

conversion to an optimised format, such as TensorFlow 
Lite, is preferable if no GPU is available. TensorFlow Lite 
is optimised for ARM CPUs, to better fit mobile devices, 
where they are commonly used. Thus, the results listed here 
likely do not show the peak performance of the TensorFlow 
Lite version of the model, since the Intel CPU, on which we 
determined the runtime, is a different architecture.

The visualisation of the overlay within the VR/AR envi-
ronment and tracking any motion and applying it to the 
system will increase the overall compute time per frame. 
However, first tests of an implementation of the overlay 
combined with motion tracking were successful in provid-
ing a real-time experience. All versions of the model tested 
within this work, lie well below the guideline for real-time 
applications of 30 ms evaluation time, even on resource 
constraint devices [30], i.e., leaving us with computational 
resources to spare at the current accuracy and speed. In 
addition, see the work by Kässinger et al. [30] for a discus-
sion on reducing computational cost, energy consumption 
and evaluation time on the end user’s mobile device. As the 
work mentioned above shows a distributed variant of the 
NN architecture shown in Fig. 2, it has to be made clear 
that this a proof of concept. Other architectures exist that 
could learn the data used here. The current NN architecture 
was chosen as a good compromise between high accuracy 
for predicting the nodal deformation and low number of 
trainable parameters. More NN architecture exploration is 
needed in the future. A concern the aforementioned tests 
raised, is the computational effort needed for the motion 
tracking. In our current setup, the motion tracking algorithm 
clearly dominates the overall computational cost of the visu-
alisation. Utilising light-weight and accurate motion track-
ing will be one of the major implementation challenges, as 
we include more and more muscles in the visualisation and 
computational cost increases for the run surrogate models.

4.2  Application scenario

These models will be implemented and extensively tested 
on resource-constraint devices, e.g. a distributed AR appli-
cation on a Microsoft HoloLens 2 or tablets like the Apple 
iPad. To achieve this, firstly a second model trained on 
the relationship between the motion tracking data (elbow 
angle, angular velocity, and acceleration) and the optimal 
activation vectors will be introduced; secondly, once the 
output visualisation is overlayed onto a person, it will be 
supplemented with additional biomechanical information, 
e.g., graphs tracking the activation levels. This will be rel-
evant for, e.g. coupling the model to a motion guidance sys-
tem for physiotherapy or exercise.

For instance, in the physiotherapy setting, a doctor asks 
their patient to complete an arm movement following a 
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the visualisation, to expand it to the model as a whole. Since 
only the output dimensionality changes between the mus-
cles, as they consists of differently many nodes, this can be 
easily achieved with the workflow as is. In the same manner, 
the visualisation can be extended to include other types of 
nodal data, such as strains and stresses, or the interior of the 
muscles as well. Other types of scalar nodal data could be 
included without an increase in computational cost at run 
time, assuming only one type of data is being visualised at 
any given time. Whether or not real-time performance can 
be maintained when including the interior, given the consid-
erable increase in the number of nodes and thus in the size 
of the NNs needed, remains to be seen.

Finally, we would like to note that the methods presented 
in this paper are neither limited to the muscle constitutive 
laws chosen in Section 2.1 nor to FE results in general. The 
presented sparse-grid-neural-network workflow is equally 
applicable to more complex, microstructural-based muscle 
constitutive laws [8] or activation mechanisms [32], as well 
as to other biological or man-made materials. Likewise, the 
method can be applied to any kind of mesh-based data, such 
as results coming from the finite-difference method.

real-time prediction of the muscle’s surface configuration 
on a non-high-end PC, is still an exciting result, consider-
ing the original FE simulation took minutes per configura-
tion on 64 CPUs à 3GHz, with 1 TB of RAM. The use of a 
SG surrogate to generate the training data for the NN, has 
proved efficient for acquiring arbitrary amounts of training 
data within a feasible time frame. Accuracy of the SG still 
needs to be improved by optimising its support.

The NN architecture, as it stands now, might benefit from 
the use of convolutional layers, which we will investigate 
in the near future. In particular, compared to the densely 
connected architecture, convolutional layers would reduce 
the number of trainable parameters, by having some of the 
neural network’s connections share weights, rather than 
having a unique weight for each connection. Whether or not 
this can be achieved while retaining the current accuracy, 
remains to be seen.

Further development of this model beyond the techni-
cal aspects will include incorporating it into new on-body 
interaction techniques, to not only further improve perfor-
mance on a wider range of hardware, but also provide ease 
of use to the end-user. At the same time, NNs for the other 
muscles shown in Fig. 1 will be trained and integrated into 

Table 5  Model parameters. Constitutive parameters for the muscle-
tendon-complex of the biceps
Parameter Value Source

cM
1 3.56 · 10−2 MPa [26]

cM
2 3.86 · 10−3 MPa

cM
3 3.57 · 10−8 MPa [64]

cM
4 42.6

cT
1 2.31 MPa [60]

cT
2 1.15 · 10−6 MPa

cT
3 7.99 MPa

cT
4 16.6

∆Wasc 0.25 adapted from [24]
∆Wdesc 0.15
νasc 3.00
νdesc 4.00

λf
opt

1.35

σmax 0.30 MPa
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