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Abstract In this paper, we build a mathematical model
of the whole-body neuromuscular network and identify its pa-
ramcters by optical motion capture, inverse dynamics compu-
tation, and statistical analysis. The model includes a skeleton,
a musculotendon network, and a neuromuscular network. The
skeleton is composed of 155 joints representing the inertial
property and mobility of the human body. The musculotendon
network includes more than 1000 muscles, tendons, and liga-
ments modeled as ideal wires with any number of via points.
We also develop an inverse dynamics algorithm to estimate
the muscle tensions required to performm a given motion
sequence. Finally, we model the relationship between the spinal
nerve signals and muscle tensions by a neural network. The
resulting parameters match well with the agonist-antagonist
relationships of muscles. We also demonstrate that we can
simulate the patellar tendon reflex using the neuromuscular
model. This is the first attempt to build and idenfity a
macroscopic model of the human neuromuscular network based
only on non-invasive motion measurements, and the result
implics that the activation commands from the motor neurons
can be considerably simple compared with the number of
muscles to be controlled.

Index Terms  Musculoskeletal Human Model, Neuromus-
cular Network Model, Inverse Dynamics, Motion Capture.

I. Introduction

The mechanism for generating and coordinating human
motions is still an open resecarch issue. The brain science
community has tried for years to understand and modecl
how the brain controls whole-body motions [1], [2]. The
biomechanics community, on the other hand, has been
working on dynamics computation and motion analysis
of musculoskeletal human models [3] [5]. However, there
is still a large gap between the two approaches.

This paper extends our previous work on musculskeletal
human model [6] by adding a mathematical model of the
whole-body ncuromuscular network. The paramcters of
the neuromuscular model are identified through experi-
ments using an optical motion capture system, inverse dy-
namics computation, and statistical analysis. We expect
that this would become the first step towards bridging the
gap between two fields. The developed model will also
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have direct applications in such ficlds as biomechanics,
ncurology, rchabilitation, and sport science.

The model includes a skeleton, a musculotendon net-
work, and a neuromuscular network. The neuromuscular
systemm is models as a necural network representing the
relationship between the spinal nerve signals and muscle
tensions. In order to identify the paramcters of the
neurons, we first measure a number of different human
motions via an optical motion capture system. We then
usced our musculoskeletal model and the inverse dynamics
algorithm to ecstimate the muscle tensions during the
captured motions. Independent component analysis (ICA)
of the muscle tensions revealed that the tensions esti-
mated for the measured motions can be represented by
about 100 independent signals. We therefore train the
neural network model of the ncuromuscular system by
using independent signals as inputs and corresponding
muscle tensions as desired outputs. We analyze the
obtained parameters and show that they have distinct
correspondence with the agonist /antagonist relationships
of the muscles.

The rest of this paper is organized as follows. Scction 1T
briefly summarizes the musculoskeletal model presented
in [6] and describes some improvements made in this
paper. In Section III, we analyze the muscle tension data
obtained through experiments and derive our neuromus-
cular model. We finally present the experimental results
in Section IV, followed by concluding remarks.

II. Inverse Dynamics of Musculoskeletal Model
A. The Musculoskeletal Model

The musculoskeletal human model consists of a
musculo-tendon network and a skeleton. The skeleton is
a sct of rigid links connected by mechanical joints, while
the musculo-tendon network is composed of the elements
to drive and/or constrain the bones including muscles,
tendons, ligaments, and cartilages. The model used in
this paper is basically the same as the one used in [6] but
contains the following improvements:



Fig. 1. The musculoskeletal human model used in this paper. Left:
{ront view, center: back view, right: a snapshot {rom a captured walk
motion.

TABLE 1

Complexity of the musculoskeletal model.

musculo-tendon network

muscles 989
tendons 50
ligaments 117
cartilages 34
total wires 1190
muscle groups 78
virtual links 72
skeleton
bones 200
bone groups 53
total DOF 155

o Many small muscles around the spine arc added to
reduce the joint torque errors observed in [6]. The
number of muscles grew from 366 to 989.

e The muscles are grouped according to their role (for
example, extend the left knee), which will be used in
the inverse dynamics computation later.

Fig. 1 shows the new model and Table I summarizes the
complexity of the model used in this paper.

B. Inverse Dynamics

In [6] we proposed an inverse dynamics algorithm for
the musculoskeletal human model, which computes the
ground contact forces and muscle tensions by solving the
following equation:

T T
Ta=4J f—O—JCT(; (1)
where
T¢ ¢ generalized forees
J : Jacobian matrix of the wire length w.r.t.
the generalized coordinates
f : wire tensions

Jeo Jacobian matrix of the contact points w.r.t.
the generalized coordinates
T¢  : ground contact forces.

The solution consists of the following two steps:

1) Compute the ground contact forces 7¢ by only
considering the rows of Eq.(1) corresponding to
the 6 DOF of the hip joint. We apply quadratic
programming to solve the optimization problerm.

2) Eliminate 7¢ from Eq.(1):

T’(;:T(;fJV(I‘;T(/*:J'I:f. (2)

and compute the muscle tensions by solving another
optimization by either linear programming (LP) or
quadratic programming (QP).
In this paper, we adopt the same method as [6] for step
1). The rest of this section describes our improvement of
the algorithm for step 2).

In [6] we found that LP solves our complex optimization
problem much faster than QP. However, the inherent
problem of LP is that the resulting muscle tensions can
be both temporally and spatially discontinuous. Spatial
discontinuity implics that the tensions of geomectrically
close muscles can be completely different, which is not
likely to happen in human body.

We solve this problem by considering a measure of
variation of tensions of the muscles in each group. The
new LP formulation is summarized as follows:

For constant vectors with positive components
a-, ay, and a,,, find 8., 65, d,,, and f that
minimize

J = aZ(sT + az:(sf + azém (3)

subject to

(4)

(5)

—0; < f—f"<éy (6)
0 >0 (7)
~Sfmax < F <0 (8)
—0m < Eqf <dn (9)
10)

6771, 2 O

where the third term of Eq.(3) has been added to consider
the muscle tension variation. The detailed description of
the equations will be given in the subsequent paragraphs.

The first term of Eq.(3) and Eqs.(4)(3) try to minimize
the error of Eq.(2) to assure the physical validity of
the result. Instead of including Eq.(2) as an equality
condition, we relax the problem because Eq.(2) may not
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have an exact solution. By including the term a!4d, in
the objective function Eq.(3), we can obtain the minimum
possible values of for elements of §.-, which are constrained
to be positive by the inequality condition Eq.(3). On the
other hand, Eq.(4) cusures that the crror of Eq.(3) is
smaller than §,. By combining these constraints, we can
minimize the error of Eq.(3).

The sccond term of Eq.(3) and Eqs.(6)(7) trics to bias
f towards a given desired wire tension vector f*. The user
can, for example, specify the relationship between a pair
of flexor and extensor muscles by supplying appropriate
values to f*. For example, this information could be
obtained by clectromyograph (EMG) measurcments for
biomechanical applications [7]. Simply sctting f* = 0
gives the minimum wire tensions.

Eq.(8) represents the upper and lower bounds of the
wire tensions where f,,,.. > 0 is the vector of maximum
muscle tensions. The clements of f,,,.. can be sclected
independently for each muscle. We may also consider the
muscle length and its velocity to compute f by Hill’s
muscle model [8].

Finally, the third term of Eq.(3) and Eqs.(9)(10) arc
included to equalize as much as possible the tensions of
muscles in the same group. In quadratic programming,
this term could be replaced by adding squared sum of
wire tensions to the evaluation function. Suppose group
m, includes n.,, muscles and G,, denote the set of their
indices. The average tension of group m is computed by

fm - ”i Z fk

M kEGm

max

(11)

where i is the tension of the k-th muscle. The difference
between the average tension and the k-th (k € G,,)
muscle’s tension is

Afmk — me - fk — EGmk.f
where Egmi i8 a row vector whose i-th element is (1 —
T ) /1o, i 4 =k, 1/ny, i € G, and i # k, and 0
otherwise. By collecting E¢pe(k € G,,) for all groups

and stacking them vertically, we obtain the matrix F¢
in Eq.(9).

(12)

C. Forward Dynamics

Forward dynamics is the process to compute the joint
acceleration from the given wire tensions. Derivation of
the algorithm is straightforward because we can easily
transform the wire tensions into equivalent joint torques
by Eq.(1), and then compute the joint accelerations
by applying any forward dynamics algorithm for rigid
kincmatic chains (c.g. [9], [10]).

D. Experiments with Motion Capturc Data

We verified the effect of the improvements by perform-
ing inverse dynamics computation for a motion in which

L i

Fig. 2. The joint torque of the third neck vertebra. Black
dashed: result of Newton-Ituler inverse dynamics computation; blue:
computed from the muscle tensions obtained by the old model; red:
computed from the muscle tensions obtained by the new model.

D]
R

—
—

-
S

Fig. 3. The joint torque of the sixth rib vertebra. Black dashed: re-
sult of Newton-Euler inverse dynamics computation; blue: computed
from the muscle tensions obtained by the old model; red: computed
from the muscle tensions obtained by the new model.

the subject bends the spine back and forth. Figures 2 and
3 compare the results of inverse dynamics computations
using the model in [6] and the improved one. In each
graph, the dashed black line represents the required
joint torque obtained by Newton-Euler inverse dynamics
computation, while the blue and red lines arc the joint
torques computed from the muscle tensions obtained by
the old and new models, respectively. The new model
yields much more precise and smooth muscle tensions.

III. Modeling the Neuromuscular Network

A. Independent Component Analysis of Muscle Tensions

Independent Component Analysis (ICA) [11] is a statis-
tical technique for analyzing observed data. The technique
computes hidden factors underlying the observed data,
assuming that the data are linear mixtures of nongaussian
and mutually independent signals. In contrast to Principal
Component Analysis (PCA) which tries to find the
common features of a signal, ICA trics to identify the
different signal sources.
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Our problem here is to find a constant matrix Wirea €
RN«XNica that maps a vector s € RN to the
estimated wire tensions f € RN

J=Wicas (13)

where N, is the total number of wires (N, = 1190 in
our model) and Nyca(< Ny) is the manually specified
number of independent signal sources. s represents a set
of independent signals required to described the wire
tensions of a frame.

We applied ICA to the muscle tension data of 1190
wires estimated for 1344 frames (44.6 seconds) of motion
capture data. Fig. 4 show two examples of comparisons of
the original and reconstructed wire tensions with Nyoq =
120. 177 frames from the two examples comparing the
original muslce tension and the tension recovered by ICA
with 120 independent sources. Fig. 5 shows the average
and variance of the error between original and recovered
tensions of all wires. These results indicate that the
tensions of 1190 wires can be represented by as few as
120 independent signals.

This figure reminds us of the fact that the muscles are
governed by 124 left/right and anterior/posterior rami.
In this paper, we further divide them into 94 groups by
combining those governing the same set of muscles. The
ICA in the rest of the paper is performed with N;c4 = 94.

In order to show the possibility of using s as spinal
nerve signal, we first define matrix C € RN 2> Ne whose
(¢, j)-th clement is 1 if i-th ramus is connected to the j-th
wire and () otherwise. We then compute a square matrix
P c RNicaxNicafyy P — CW . The (i, j)-th element
of P represents the sum of elements of W corresponding
to the j-th ICA component and muscles connected to the
i-th ramus. Therefore, if there is an one-to-one mapping
from ICA to nerve signal, cach row and column of P will
have only one outstanding peak. Fig. 6 shows the values
of several representative rows of P, where the horizontal
axis indicates the indices of the columns. As expected,
most of the lines (rows of P) have only onc peak at
different columns. Fig. 7 marks the column index of the
maximum element of each row, where the horizontal and
vertical axes represent the indices of the nerves and ICA
components, respectively. We can observe that each nerve
corresponds to different ICA components, except for those
marked by ovals in the figure which corresponds to plexus.

B. Neural Network Model

The ICA discussed in the previous subsection revealed
the following important points:

¢ Tensions of more than 1000 wires required to perform
a long scquence of motions can be represented by as
few as 100 independent signals.
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Fig. 4. Original and recovered muscle tensions. Black line: original

muscle tensions; red line: muscle tensions recovered by ICA.
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Fig. 5. Average and variance of error between original and recovered
tensions of all wires.

e There scems to be an one-to-one correspondence
between most of the ICA components and spinal
nerves, except for those forming plexus.

Taking these facts into consideration, in this section we
build a neural network model which takes spinal nerve
signals as inputs and outputs the muscle tensions, and
then identify its paramecters based on the experimental
results.

The actual system contains complex closed loops due
to reflex as shown in the top figurc of Fig. 8, whose
corresponding model would look like the bottom figure.
However, it is usually very difficult to identify the system
embedded in a closed loop. We therefore convert the
closed-loop system to the open-loop system shown in the
top figurc of Fig. 9 and identify the paramecters of its
corresponding model (bottom figure of Fig. 9).

Fig. 10 shows the three-layered neural network model.
The input layer with Nye4 neurons takes the independent
signals identified by the ICA as inputs. The middle layer
also has Njca neurons each corresponding to the one
of the spinal rami. All neurons in the input and middle
layers are interconnected to represent the correspondence
between the independent signals and spinal rami. The
ouput layer has N, neurons which output the tensions of
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Fig. 8. The closed loop including the reflex (top) and corresponding
neural network model (bottom).

Fig. 9. The open loop model converted from the closed loop model
(top) and corresponding neural network model (bottom).

psanial =)

Fig. 10. The neural network model with three layers of the
neuromuscular system.

individual wires. The connections between the neurons in
the middle and output layers are determined according to
the anatomical connection between the spinal rami and
muscles.

IV. Experiments
A. Identification of the Neuromuscular Model Paramcters

We trained the neural network of Fig. 10 so that it
outputs the muscle tensions estimated for a walk motion
with 338 frames when the inputs are the independent
signals derived from ICA of the muscle tensions. The
learning loop was repeated 200 times, which resulted in a
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TABLE 1T
Weight Parameters of 1.2

muscle | weight ” muscle | weight ]
psoas major 1.98E4-00 iliacus 1.37E4-00
sartorius 1.77E4+00 rectus femoris 1.54E400
vastus lateralis 2.21E+400 vastus medialis 1.551400
vastus intermedius 2.19K+400 gracilis 1.131K400
pectineus 1.331400 adductor longus 1.181400
adductor brevis 2.65K+400 adductor magnus 2. 18400
quadratus lumborum 1.76 E4+00
TABLE 111
Weight Parameters of 1.3
muscle | weight ” muscle | weight
psoas major 1.56E+400 iliacus 1.98E400
sartorius 2.05E4-00 rectus femoris 2.47E400
vastus lateralis 1.75E400 vastus medialis 1.19E400
vastus intermedius 2.27K+400 gracilis 1.1214-00
pectineus 1.121+00 adductor longus 2.531K400
adductor brevis 1.031400 adductor magnus 9.6913-01
obturator externus 2.19K+400 quadratus lumborum 1.3214-00

neural network with 2.08% maximum and 1.26% average
erTors.

Tables II to VI show the weight parameters obtained
for the connections from seclected neurons in the middle
layer to their associated output neurons. These results
show the following interesting properties:

o All the agonist muscles for hip flexon (iliacus, sar-
torius, rectus femoris, and pectineus) have negative
values in Tables IT and II1.

o All the agonist muscles for knee extension (quadri-
ceps femoris) have the same signs in each of Tables 11—
Iv.

e All the agonist muscles for hip cxtension (glu-
teus maximus, biceps femoris, semitendinosus, and
semimembranosus) have the same signs in each of
Tables V and VI

e The agonist muscles for dorsi flexion of the ankle
joint (tibialis anterior, peroncus tertius, and extensor
digitorum longus) and thosc for plantar flexion (gas-
trocnemius, soleus, and plantaris) have the opposite
signs in Table VI.

TABLE IV
Weight PParameters of L4

muscle | welight || muscle | welight |
psoas minor -4.6815-01 rectus femoris -2.8215-01
vastus lateralis -5.62E-01 vastus medialis -7.52E-01
vastus intermedius 8.87E-01 adductor longus 1.14E+00
adductor magnus 1.52E+00 gluteus medius 3.05E4+00
gluteus minimus 5.9013-01 tensor fasciae latae 2.6215-01
obturator externus 1.6515400 tibialis anterior -6.1915-01
popliteus 4.1915-02 tibialis posterior 1.95154-00

Fig. 11.  Snapshots from the simulation of patellar tendon reflex.
T'he red arrow is drawn while the unit signal to the nerve was applied.

B. Simulation of Patellar Tendon Reflex

As an application of the neuromuscular model, we
simulated the patellar tendon reflex which is a typical
example of stretch reflex. The algorithm described in
Section II-C was used for the simulation. Patellar tendon
reflex is a phenomena where the lower leg suddenly
jerks forward when we tap just below the knee. This is
explained by stretch reflex of the quadriceps due to the
extension of its tendon.

In the simulation, we emulated the signal caused by
the reflex by supplying a unit signal to L2-L4 where the
quadriceps arce connccted. Fig. 11 shows the snapshots
from the simulated motion. Note that the resulting motion
is very similar to human patellar tendon reflex.

V. Conclusion

In this paper, we developed a macroscopic model
of the human neuromuscular system and identified its
parameters by muscle tensions estimated for several
scquences of captured motions. We applied independent
component analysis (ICA) and showed that the tensions
of almost 1000 muscles can be represented by a lin-
ear combination of about 100 independent signals. The
analysis of the mapping matrix W also implied that
most of the independent signals can be regarded as
nerve signals. Based on these obscrvations, we built a
neural network model with three layers and identified
its parameters using experimental data. The weighting
parameters showed interesting properties: weights of the
agonist muscles connected to the same nerve have the
same sign, while those of the antagonist ones have the
opposite. Furthermore, the forward simulation based on
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TABLE V
Weight Parameters of L5

‘ muscle | weight muscle | weight |
gluteus maximus -7.14E-02 || gluteus medius -8.03E-01
gluteus minimus -5.78E-01 || tensor fasciae latae 6.78E-01
obturator internus -8.43E-02 || gemecellus superior 9.08E-01
gcmellus inferior 3.86E-01 || quadratus femoris -4.27E-01
biceps femoris -6.28E-01 || scmitendinosus -2.69E-01
semimembranosus -2.88E-01 || tibialis anterior 1.52E-01
extensor hallucis longus 1.97E-01 || extensor digitorum longus | 1.67E-+00
peroncus tertius 1.99E4+00 || poplitcus 5.13E-01
flexor hallucis longus -9.32E-01 || flexor digitorum longus -9.25E-01
tibialis posterior 3.42E-02 || pcroncus longus 1.89E-01
peroneus brevis 1.51E+00 || lumbrical 4.09E-01

TABLE VI
Weight Parameters of S1
[ muscle [ weight | muscle [ weight |
gluteus maximus 1.85E4+00 || gluteus medius 1.53E+00
gluteus minimus 1.97E400 || tensor fasciae latae 2.33E4-00
piriformis 1.36E+00 || obturator internus 7.22E-01
gemellus superior 1.22E400 || gemellus inferior 3.13E-01
quadratus femoris 1.02E4+00 || biceps femoris 1.48E+00
semitendinosus 4.81E-01 || secmimembranosus 8.83E-01
tibialis anterior 5.51E-01 || extensor digitorum longus | -4.54E-01
peroneus tertius 5.45E-01 || gastrocnemius -1.97E-01
soleus -7.58E-01 || plantaris -2.49E-01
popliteus -4.63E-01 || flexor hallucis longus 1.02E+00
flexor digitorum longus 7.67E-01 || tibialis posterior -7.19E-01
peroncus longus 8.17E-01 || pcroncus brevis -7.40E-01
extensor digitorum brevis | -2.15E-01 || abductor hallucis -7.75E-01
flexor digiti minimi brevis | -6.24E-02 || abductor digiti minimi 3.69E-01
lumbrical 5.32E-01 || flexor hallucis brevis -7.06E-01

the input signal emulating patellar reflex resulted in a
motion very similar to actual knee jerk motion of the
human.
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