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Abstract The study of computational approach to human understanding has been
the history of artificial intelligence. The robotics developments in algorithms and
software have prepared the powerful research tools that were not available when the
study of intelligence started from unembodied frameworks. The computational human model is a large field of research. The author and the colleagues have studied
by focussing on behavioral modeling and anatomical modeling. The aims of study
on human modeling are double faces of a coin. One side is to develop the technological foundation to predict human behaviors including utterance for robots communicating with the humans. The other side is to develop the quantitative methods
to estimate the internal states of the humans. The former directly connected to the
development of robotic applications in the aging societies. The latter finds fields of
application in medicine, rehabilitation, pathology, gerontology, development, and
sports science. This paper survey the recent research of the authors group on the
anatomical approach to the computational human modeling.

1 Introduction
The study of artificial intelligence arose from a question ”how can one make machines understand things?”[1]. Understanding shall be followed by prediction and
then by action. Understanding is formally defined only in the relationship between
two or more. One may think of a solitary machine on a planet in the outer space analyzing its environments to understand. Even in this case understanding is defined
between the machine and who receives the information. Although the author hardly
imagines understanding defined only in the relationship among artificial things and
not inheriting anything defined in the relationship among the human beings, it is
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still possible to say that it may be emergent among isolated artificial things, which
is certainly a scientific matter of discussion.
The author’s interests, however, are in understanding defined involving the human beings. Since the prediction and action of the others would be a function without which any animal species could have survived, we are talking about understanding as a communication function defined in the relationship among the human
beings as an inheritance from the biological evolution. The basic principle of understanding would be finding the relationship of cause and effect. The animal species
have spent a large resource for developing the function for survival. The human
beings have developed the brain for the function with special focus on the social
relationship. It is an author’s scope that the way how we understand the nature and
the environments is also based on the function to understand social relationship of
cause and effect. In this sense, the function to understanding a human before oneself, namely predicting the human’s future action and utterance is the baseline of the
study.
The author and colleagues focus on the study of computational approach to human understanding. The aims of study are double faces of a coin. One side is to
develop the technological foundation to predict human behaviors including utterance for robots communicating with the humans. The other side is to develop the
quantitative methods to estimate the internal states of the humans. The former directly connected to the development of robotic applications in the aging societies.
The latter finds fields of application in medicine, rehabilitation, pathology, gerontology, development, and sports science.
The components of research tools are common technologies developed in robotics
kinematics, dynamics, and optimization. The anatomical structures of human body
and the captured behavioral data provide the information to the phenomenological approach. The approach is based on computer simulation. Herbert A. Simon[2]
raised in his book of 1969 an interesting question ”how can a simulation ever tell us
anything that we do not already know?” and answered in a affirmative way in particular on simulation of poorly understood systems. The data and the computational
technologies of robotics allow the useful computational approach to the poorly understood problem on estimating the internal states of the human.

Computing from behavior
The computational model from behavioral data was first being inspired by the coevolution theory of T. Deacon[3] and the Mimesis theory of M. Donald[4] where the
mimetic acquisition is the model of symbol emergence. The symbolic system and
the brain concurrently evolved in the coevolution theory by mutually interacting under the evolutional pressure for survival. The idea that the statistical modeling to
allow the bidirectional computation of perception and action was also come to mind
when we learned and excited about the Mirror neuron hypothesis[5],[6]. The unified
bidirectional computation was so attractive as an architecture for the computational
model of behavior system even it was still controversial in biological neuroscience.
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Inamura et al.[7],[8] applied the Hidden Markov Model to develop proto-symbol
system of the human whole-body motion. The pseud-distance measure was used to
introduce topology into the set of proto-symbols. Takano et al.[9] demonstrated the
human-robot communication in realtime using the proto-symbol system for both
perception and action engines and a motion capturing system. The demonstration
was shown at EXPO2005 in the style of a fighting event of a human and a small-size
humanoid robot. Unsupervised automatic segmentation and clustering were studied
by [10], [11],[12].
The motion prediction based on the symbolic and structured database was developed and demonstrated as ”the Crystal Ball” [13]. The integration of the motion
symbol system with the natural language system has been studied by Takano et
al.[14],[15],[16] based on the common mathematical framework of statistics.

Computing from anatomy
Coordination of human motion is a central paradigm of neuroscience [17, 18].
For the computational modeling of human musculoskeletal system there is rich
literatures in biomechanics [19, 20, 21]. We developed the whole body musculoskeletal model for applying robotic algorithms of kinematics, dynamics, and
optimization[22]. The study has been extended by integrating spinal nerves and
mathematical model of neural connectivity in the spine. The musculoskeletal computational model has been applied to various professional subjects such as athletes,
a dram player, a singer and so on. The neuromuscular model has been focussed to
construct the reflex model of such as spinal reflex and cutaneous reflex.
In the following sections the development of the computational model of human
from anatomical knowledge is to be explained in details.

2 Musculoskeletal Model with Grouped Muscles [23]
The musculoskeletal human model consists of a musculo-tendon network and a
skeleton. The skeleton is a set 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 [22] but contains the following
improvements:
• Many small muscles around the spine are added to reduce the joint torque errors
observed in [22]. The number of muscles grew from 366 to 989.
• The muscles are grouped according to their role (for example, extend the left
knee), which will be used in the inverse dynamics computation later.
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Fig. 1 The musculoskeletal human model used in this paper. Left: front view, center: back view,
right: a snapshot from 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

Fig. 1 shows the new model and Table 1 summarizes the complexity of the model
used in this paper.
In [22] 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:
τ G = J T f + JCT τ C
(1)
where

τ G : generalized forces
J : Jacobian matrix of the wire length w.r.t. the generalized coordinates
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f : wire tensions
JC : Jacobian matrix of the contact points w.r.t. the generalized coordinates
τ C : ground contact forces.
The solution consists of the following two steps:
1. Compute the ground contact forces τ C 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 problem.
2. Eliminate τ C from Eq.(1):

τ 0G = τ G − JCT τ C = J T 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 [22] for step 1). The rest of this section
describes our improvement of the algorithm for step 2).
In [22] 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 implies
that the tensions of geometrically 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 aτ , a f , and am , find δ τ , δ f , δ m , and f that
minimize

subject to

Z = aTτ δ τ + aTf δ f + aTm δ m

(3)

−δ τ ≤ τ 0G − J T f ≤ δ τ

(4)

δτ ≥ 0

(5)

−δ f ≤ f − f ∗ ≤ δ f

(6)

δf ≥0

(7)

− f max ≤ f ≤ 0

(8)

−δ m ≤ E G f ≤ δ m

(9)

δm ≥ 0

(10)

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)(5) 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 have an exact solution.
By including the term aTτ δ τ in the objective function Eq.(3), we can obtain the

6

Yoshihiko Nakamura

minimum possible values of for elements of δ τ , which are constrained to be positive
by the inequality condition Eq.(5). On the other hand, Eq.(4) ensures that the error
of Eq.(3) is smaller than δ τ . By combining these constraints, we can minimize the
error of Eq.(3).
The second term of Eq.(3) and Eqs.(6)(7) tries 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 electromyograph (EMG) measurements
for biomechanical applications [24]. Simply setting f ∗ = 0 gives the minimum wire
tensions.
Eq.(8) represents the upper and lower bounds of the wire tensions where f max ≥ 0
is the vector of maximum muscle tensions. The elements of f max can be selected
independently for each muscle. We may also consider the muscle length and its
velocity to compute f max by Hill’s muscle model [25].
Finally, the third term of Eq.(3) and Eqs.(9)(10) are 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 nm muscles and Gm denote the set of their
indices. The average tension of group m is computed by
1
f¯m =
∑ fk
nm k∈G
m

(11)

where fk is the tension of the k-th muscle. The difference between the average tension and the k-th (k ∈ Gm ) muscle’s tension is

∆ fmk = f¯m − fk = E Gmk f

(12)

where E Gmk is a row vector whose i-th element is (1 − nm )/nm for i = k, 1/nm for
i ∈ Gm and i 6= k, and 0 otherwise. By collecting E Gmk (k ∈ Gm ) for all groups and
stacking them vertically, we obtain the matrix E G in Eq.(9).
We verified the effect of the improvements by performing inverse dynamics computation for a motion in which the subject bends the spine back and forth. Figure 2
is the results of inverse dynamics computations using the model in [22] 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 are 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.

3 Independent Component Analysis of Muscle Tensions [26]
We apply a statistical method called independent component analysis (ICA) [27] to
analyze the muscle tension data. This method estimates the original signals under-
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Fig. 2 The joint torques of the third neck vertebra (left) and the sixth rib vertebra (right). Black
dashed: result of Newton-Euler inverse dynamics computation; blue: computed from the muscle
tensions obtained by the ungrouped model; red: computed from the muscle tensions obtained by
the grouped model.

lying multi-dimensional time sequence data, assuming that the data are represented
as a linear mixture of nongaussian and mutually independent signals. ICA tries to
compute the different signal sources, while Principal Component Analysis (PCA)
tries to obtain the common sources.
We compute a constant matrix W ICA ∈ RNw ×NICA , which maps the vector of independent signals s ∈ RNICA to the computed muscle tensions f ∈ RNw :
f = W ICA s

(13)

where Nw is the number of muscles included in the musculoskeletal model (Nw =
989 in our model), NICA (NICA < Nw ) is the manually-selected number of independent component sources.
We apply ICA to the muscle tension data of 989 wires computed for 1000 frames
(10 seconds) of motion capture data. Fig. 3 shows the errors between the original
and reconstructed muscle tensions for various choices of NICA .
According to the anatomical knowledge, all the muscles in the human body are
controlled by 124 left/right and anterior/posterior rami of the spinal nerve. The 989
muscles in our model are connected to 120 of these rami. We, therefore, verify the
validity of applying ICA with NICA = 120. Fig. 3 shows that the error slowly increases for smaller NICA until NICA = 120, and the error is 5.11% at NICA = 120.
The error increases rapidly for NICA < 120. Fig. 4 compares the original and reconstructed muscle tensions with NICA = 120. Fig. 5 represents the average and variance
of the errors between original and reconstructed tensions of all muscles. These results indicate that we can represent the 989 tensions by as few as 120 independent
components. Based on these results and facts, we choose NICA = 120 in the rest of
the paper.
We next confirm that the independent components and spinal neural signals have
one-to-one correspondence to show the possibility of using the independent components s as the spinal neural signals. Let us define a matrix C ∈ RNICA ×Nw , whose
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Fig. 3 Variation of error between original and reconstructed muscle tensions with number of independent components.

Fig. 4 Original and reconstructed muscle (Soleus) tensions. Blue line: original muscle tensions;
Dashed red line: muscle tensions reconstructed by ICA.

(i, j)-th element is 1 if i-th ramus and j-th muscle are connected and 0 otherwise.
Then we calculate
P = CW ICA

(14)

where the (i, j)-th element of P ∈ RNICA ×NICA represents the sum of elements of
W ICA corresponding to the j-th independent components and muscles connected
to the i-th ramus. If there is one-to-one correspondence between the independent
components and rami, each row and column of P would have only one outstanding
peak. Fig. 6 shows the value of 5 representative rows of P, where the horizontal axis
represents the column indices. It is obvious from the graph that most of the lines
(the rows of P) have only one outstanding peak at different columns. Fig. 7 marks
the column index of the element where each row of P has its peak, in which the
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Fig. 5 Average and variance of error between original and reconstructed tensions of all wires.

horizontal axis represents the indices of the rami and the vertical axis represents the
indices of the independent components. In this case, the rami marked by an oval
in the figure which correspond to the neuroplexuses share the same independent
component. Each group of rami Th1-Th5, Th6-Th8, and Th9-Th12 also shares the
same independent component. We suspect that the reason for these duplications of
independent components is that the walk motion used in this experiment did not
activate the muscles connected to these rami, which are abdominal muscles. Except
for these rami, we can observe that almost each ramus corresponds to a different
independent component.

Fig. 6 Values of selected rows of P displayed in the order of column.

10

Yoshihiko Nakamura

Fig. 7 The location of maximum column in each row of P.

4 Reflex Model and Time Delay Identification [28]
The nerve network is composed of the following elements: α motor neurons, γ
motor neurons, and interneurons, the efferent pathway, muscle, muscle spindle, the
Golgi tendon organ, and the afferent pathway. Fig. 8 shows our neuromuscular network model. The model is constructed as a six-layered neural network, which represents:
1. NNJ,i (i = 1, . . . , nm ) (filled circle): Neuromuscular junctions on the muscles,
where nm represents the total number of muscles. This layer receives and integrates the motion command signal from the α motor neuron in the spinal nerve
ramus. The integrated signal activates the muscle and produces tension.
2. NMS,i (i = 1, . . . , nm ) (filled square): Muscle spindles that measure the muscle
length and its velocity. The values are computed by forward or inverse kinematics.
3. NGT,i (i = 1, . . . , nm ) (filled triangle): The Golgi tendon organs that measure the
muscle tensions. The values can be computed from the muscle activity (the motion command signal) using the Hill-Stroeve muscle model [29, 30] or from the
inverse kinematics and dynamics.
These layers are connected to each other as follows: solid lines from NNJ to NMS
and NGT , dashed lines from NMS and NGT to NMS .
The weight parameters of the somatosensory reflex model are identified using
experimental human motion data. The muscle length, velocity and tension are computed using the inverse kinematics and dynamics computations [31], and the muscle
activity is computed using the physiological muscle model [29, 30]. We train this
network model so that it outputs the computed muscle activity at NNJ when the
somatosensory information is fed back to NMS and NGT .
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Fig. 8 The neuromuscular network modeled with 6 layered neural network. Each layer represents
central nerve system, spinal nerve rami, α motor neuron, neuromuscular joint, muscle spindle and
Golgi tendon organ. The part enclosed by dashed rectangle represents the somatosensory reflex
network model.

The reflex arc consists of the proprioceptive sensory receptors, the Ia and II nerve
fibers, the interneurons and α motor neuron, and the α motor fiber. The total time
delay in somatosensory reflex therefore consists of:
• Signal transmission by the Ia/II fiber and the α motor fiber.
• Time between the beginning of muscle extension to the beginning of muscle
spindle actual potential discharge.
• Synaptic transmission from the Ia/II fiber to the α motor neuron or interneuron.
• Signal transmission from the end plate to the muscle fiber.
• Diffusion of action potential along the muscle fiver.
• Induction of muscle contraction by the action potential (excitation-contraction
coupling).
The time delay for a particular muscle can be estimated from physiological properties. The delay 1) (δ T ) can be estimated by dividing the length of the fiber between
a spinal nerve ramus and muscle [32] by the neural signal transmission speed shown
in Table 3 [33, 34]. The delays 2)–6) (δ t) have been investigated experimentally. In
Quadriceps, for example, the time delay caused by 1) is 16 msec1 , and the time delay caused by 2)–6) is 9–14 msec. So the total time delay of monosynaptic extension
reflex of Quadriceps is therefore 25–30 msec2 .
1
2

The distance between Quadriceps and spinal nerve ramus is 800 mm
This delay is often observed as the latency of knee-jerk reflex.
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Table 2 Neural Transmission Speed of Each Nerve Fiber [33, 34].
type of fiber transmission speed [m/sec]
α motor fiber
100
Ia fiber
75
Ib fiber
75
II fiber
55

We identify and cross validate the somatosensory reflex network with some different time-delay condition δ T 0 = δ T + δ t (δ t = 0, 5, 10, 15, 30, 60msec) to confirm
this.
Our hypothesis is that the nature and evolution would have formed human motions that best consistent with the muscular dynamics and the neuro physiological
constraints. The hypothesis may allow to find the time delay searching for the most
accurate results in identification among those with various time delays.
The inverse kinematics computation based on a nDOF (= 143)-DOF skeleton
model calculates the joint angle data θ ∈ R nDOF ×T , and the lengths of nm (= 989)
muscles and their velocities l, l̇ ∈ R nm ×T . Then an inverse dynamics calculation
is carried out to obtain the generalized force data τ G ∈ R nDOF ×T and we estimate
the muscle tensions f ∈ R nm ×T using a biological muscle model and mathematical optimization. Finally the muscle activity a ∈ R nm ×T is computed based on the
biological muscle model that represents the relationship between muscle tension,
activity, length, and its velocity [29, 30].
We estimate the sensor activities from those physical quantities. The somatosensory information of the i-th muscle associated with the somatosensory reflex are mi ,
the activity of muscle spindle, and gi , the activity of Golgi tendon organ. The former feeds back the information of muscle length and its velocity, and the latter feeds
back the muscle tension as follows:
mi (t) = 4.3l˙i (t)0.6 + 2li (t) + δ mi (t = 1, . . . , T )

(15)

gi (t) = fi (t).

(16)

Eq. (15) represents muscle spindle model proposed by Prochazka and Gorassini [35]
that considers the discharge rate of the Ia nerve fiber. ai , mi , gi ∈ R T (i = 1, . . . , nm )
are normalized to [0 − 1].
Then we identify the parameters of the somatosensory reflex model. First,
the somatosensory information fed back by the proprioceptive sensory receptors,
2
mre f , gre f ∈ R nSN nm , are computed considering the time delay of nerve signal transmission. The reflex arc between muscles goes through one or more spinal rami, and
we consider them separately. If the i-th muscle and j-th muscle are connected via
the k-th spinal nerve ramus:
mre f (nSN nm (i − 1) + nSN (k − 1) + j)(t)
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(17)

gre f (nSN nm (i − 1) + nSN (k − 1) + j)(t)
= g j (t − δ Ti,0 j,k )

(18)

where δ Ti,0 j,k is the time delay caused by the nerve signal transmission from i-th
muscle to j-th muscle via k-th spinal nerve ramus computed from the nerve length
and neural transmission speed. Then we use the simple back propagation to obtain
2
the weight parameters W re f ,m and W re f ,g (∈ R nm ×nSN nm ) that satisfy:
a(t) = σ (W re f ,m mre f (t) +W re f ,g gre f (t))

(19)

where σ (∗) is the sigmoid function:
(

σ (x) = 2

)
1
1
.
−
1 + e−x 2

(20)

We consider the anatomical neuronal binding between the spinal nerve ramus
and the muscles [36, 37] as the constraints of these weight matrices. If the i-th muscle and j-th muscle are not anatomically connected via the k-th spinal nerve rams,
(i, nSN nm (i − 1) + nSN (k − 1) + j)-th elements of W re f ,m and W re f ,g are constrained
to be 0. The convergence calculation continues until the residue at the muscle activity:

δ a(t) = a(t) − σ (W re f ,m mre f (t) +W re f ,g gre f (t))

(21)

becomes sufficiently small. The following three types of motions are measured for
the analysis:
1. Step motion in 100 step/min by Subject A (DATA100 ).
2. Step motion in 170 step/min by Subject A (DATA170 ).
3. Step motion with changing its speed from 120 step/min to 150 step/min in 6 sec
by Subject A (DATA120−150 ).
4. Jump motion by Subject B (DATAjump ).
5. Squat motion by Subject B (DATAsquat ).
The speed of stepping is controlled with a metronome.
First, we train the model with seven different time delays using the motion data
DATA120−150 . Fig. 9 shows the result of identification of the somatosensory reflex
network model. The standard back-propagation algorithm [38] is carried out for the
training where the learning rate is 0.01, forgetting rate is 0.001, and the number of
iteration is 1000. The horizontal axis represents time [sec] and vertical axis represents the normalized activity of right Vastus Lateralis. The top and bottom graph
show the first and last 2.5 seconds of DATA120−150 respectively. The black dashed
line represents the muscle activity computed using the musculoskeletal model, and
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Table 3 Mapping between EMG electrode and muscle.
# of channel
name of muscle
ch01 / 09
Right / Left Rectus Femoris
ch02 / 10
Right / Left Vastus Lateralis
ch03 / 11
Right / Left Tibialis Anterior
ch04 / 12
Right / Left Gluteus Maximus Os
ch05 / 13 Right / Left Biceps Femoris Caput Longum
ch06 / 14
Right / Left Biceps Femoris Caput Breve
ch07 / 15
Right / Left Gastrocnemius
ch08 / 16
Right / Left Soleus

the solid lines represent the reconstructed activity using the identified somatosensory reflex networks with different time delays as shown in the figure.
Then we apply these somatosensory reflex network models to the other motion
data DATA100 , DATA170 , DATAjump , and DATAsquat for cross validation. The cross
validation is performed for each of the seven time delays and the resulting errors are
evaluated.
Fig. 10 show the results of the cross validation. In each graph, the horizontal axis
represents time [sec] and vertical axis represents the normalized activity of right
Rectus Femoris. The top graph shows the result of DATAjump and bottom graph
shows the result of DATAsquat in Figs. 10. The line types and colors are same as in
Fig. 9.
Fig. 11 summarizes the results. The horizontal axis represents the offset of time
delay, and the vertical axis represents the average error of the lower-body normalize
muscle activity and its standard deviation. The black dashed line is the result of
DATA120−150 , the red solid line is the result of DATA100 , the green solid line is the
result of DATA170 , the blue solid line is the result of DATAjump , and the cyano solid
line is the result of DATAsquat .
The result of identification shows that the somatosensory reflex network models can learn the muscle activity pattern with only 2–4 % error. The difference of
time-delay offset has little impact on the result of identification if the offset is less
than 30 msec. If the time delay offset is greater than 60 msec, the wave shape of
reconstructed muscle activity becomes inaccurate in both timing and amplitude.
The cross validations using DATA100 and DATA170 show that the identified somatosensory reflex network model can estimate the muscle activity with 2 % error
when the time-delay offset is less than 10 msec. The difference due to the time-delay
offset is more significant than at the identification. Both DATA100 and DATA170
show the minimum error when the time-delay offset is 10 msec. In particular, the
simulated muscle activity with 10 msec offset is more accurate at the peaks of the
wave form than the others. This time delay is within the range of measured delay
of knee-jerk reflex (between δ T + 9 and δ T + 14 msec). The precision of the reconstruction is somewhat surprising because the novel stepping motions are much
slower or faster than the learned motion, and the muscle usage, especially the cocontraction pattern, is likely to change depending on the speed. Our result suggests
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Fig. 9 The computed activity of right Vastus Lateralis and reconstructed data for DATA120−150
using the identified neuromusculoskeletal system model. Black dashed line: computed muscle
activity, red solid line: reconstructed data by somatosensory reflex system whose time delay
is δ T + 0msec, green solid line: δ T + 5msec, blue solid line: δ T + 10msec, cyano solid line:
δ T + 30msec. magenta solid line: δ T + 120msec. Top: first part of stepping motion, bottom: last
part of stepping motion.

that humans apply similar control strategies for a wide range of instances of the
same behavior.
The result of cross validations using the motion data DATAjump , DATAsquat show
that the the identified somatosensory reflex network model can estimate the muscle
activity with 5 % error when the time-delay offset is 5 msec. These motions are
significantly different from stepping, so the usage of synergist and antagonist muscles and the pattern of co-contraction must be entirely different. For example, the
co-contraction of the muscles around knee joint at the preparatory phase of jumping
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Fig. 10 The computed activity of right Rectus Femoris and reconstructed data for DATAjump and
DATAsquat using the identified neuromusculoskeletal system model. The parameter of somatosensory reflex is identified using DATA120−150 . The color of lines are same as in Fig. 9 Top: DATAjump ,
bottom: DATAsquat .

motion is not included in the normal stepping motion, and it can be computed only
with the measured EMG. The reconstructed activities of Rectus Femoris and Vastus
Intermedius have impulsive shapes that are same as those seen in the activities computed using the dynamics computation and optimization3 , if the offset of time delay
is appropriately selected. The difference due to the time-delay offset is much more
significant than the cross validations with DATA100 and DATA170 .

3

We use the measured EMG to estimate the activity of Rectus Femoris, so its co-contraction during
the jump and squat motions appears in the computed activities.
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Fig. 11 Errors and their variances between computed and estimated muscle activities. Black
dashed line: DATA120−150 , Red solid line: DATA100 , green solid line: DATA170 , blue solid line:
DATAjump , cyano solid line: DATAsquat .

The comparison between the results of cross validation using DATA100 , DATA170 ,
and DATAjump , DATAsquat shows the interesting results about the offset of time delay. Fig. 11 shows that the error changes particularly in DATAjump and DATAsquat ,
though it does not change so much in DATA100 and DATA170 . From statistical point
of view, the error does not change so much if the patterns of data used for the identification and cross validation are similar (e.g. between DATA120−150 , DATA100 , and
DATA170 ), or there is no relationship between the somatosensory information and
muscle activity. The phenomenon that the relation between the time-delay offset
and the error of cross validation is not ever-increasing or -decreasing and has a minimum value suggests that the reflex system is optimized for a particular time delay.
Furthermore, this length of time delay roughly matches the value estimated from the
anatomical structure and geometry of the human body.
The result that the somatosensory reflex network model identified using the stepping motion can be generalized to jumping and squat motions suggests that there
is a possibility that the human body can generate whole-body motions only from
simple motion command signals. In this model, muscle activity patterns can be generated by giving the first few frames of muscle length, its velocity and tension. This
information will work as the trigger for the somatosensory reflex network model to
generate the muscle activity of the rest of motion.

5 Dermatome and Cutaneous Reflex Model [39]
The skin is clearly segmented by the nerves, which is known as dermatome. The
most part of body except for the face is segmented by the spinal nerves. One would
not be surprised if the segment of skin and the group of muscles which are associated
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with the same or closer spinal nerve would have more mutual synaptic connections.
The reflex by cutaneous sensation can be studied based on the anatomical kinematics and dynamics like the spinal reflex among skeletal muscles as we have seen in
the previous section. The dermatome segmented by spinal nerves are illustrated by
Fig. 12 as shown in the reference of anatomy [40].

Fig. 12 3D colored dermatome model

We made preliminary experiments to study the cutaneous reflex by remotely
generating cutaneous sensation using small vibrating devices. The devices were attached on each side of legs at the dorsum of foot, heel, shank, posterior surface of
knee, and anterior and posterior surfaces of thigh. Table 4 shows the correspondence
of the positions of vibrating devices and the spinal nerves.
The vibrating devices of 315Hz and 3G was made by using the vibrating motors
commonly used for mobile phones. The twelve devices were attached. Only one of
them vibrated for 0.9 sec at a time without letting the subject know of the location
and the start timing. The vibrating sensation by the ith device among ns (= 12) can
be represented by a step function of si as follows:
si = u(t)
{
1 if stimulation,
u(t) =
0 otherwise.

(22)
(23)
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Table 4 The connection between skin and spinal nerves.
Part of skin
Spinal nerves
Dorsum of foot
L5
Heel
L5, S2
Shank
L4
Posterior surface of knee
L3, S2
Anterior surface of thigh
L3
Posterior surface of thigh
S2

̖

Atteching Position

Fig. 13 Atteching position. The vibelation motors are atteched on the dorsum of foot, heel, shank,
posterior knee, anterior thigh and posterior thigh.

The cutaneous reflex model was constructed by integrating the cutaneous sensation to the spinal reflex model of skeletal muscles discussed in the previous section
as seen in Fig. 14. The learnt neural network for the spinal reflex of skeletal muscles
were used and the new nodes and arcs of neural network were added to accommodate the cutaneous reflex.
The proprioceptive sensation mre f and gre f and the cutaneous sensation sre f of
the ith muscle or skin segment associated with the jth muscle through the kth interneuron in the spine are represented by
mre f (t) = m j (t − δ ti, j,k )
gre f (t) = g j (t − δ ti, j,k )
sre f (t) = si (t − δ ti, j,k )

(24)
(25)
(26)
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delay

skin

spinal cord
muscle
spindle

delay

Golgi
tendon organ

delay

Hill-type
muscle
muscle tension

motion capture data

stimulation

skin

muscle
spindle

delay

Golgi
tendon organ

delay

Hill-type
muscle
muscle

Fig. 14 The block diagram of Neural Network Model.

where mi (t) is the activity of muscle spindle of the ith muscle at time t, gi (t) is
the activity of the Golgi tendon organ of the ith muscle at time t, and si (t) is the
sensation of the ith skin segment at time t. δ ti, j,k implies the time delay when the ith
muscle or skin segment is connected to the jth muscle through the kth interneuron in
the spine and is determined by length of neural pathway and the transmission rate.
The weight matrices Wm , Wg , Ws are acquired by the back-propagation learning.
â(t) = σ (Wm mre f (t)+Wg gre f (t)+Ws sre f (t))

(27)

where sigmoid function σ (∗) is represented by

σ (x) = 2(

1
1
− )
−x
1+e
2

(28)

The iterative computation continues to update and determine the weight matrix
W∗s by minimizing δ a(t) given by

δ â(t) = a(t)−σ (Wm mre f (t)+Wg gre f (t)+W∗s sre f (t))

(29)

where muscle activity a(t) is the reference signal computed by EMG and the inverse
dynamics. Weighting matrices Wm and Wg are determined beforehand by training
the neural network using the motion data in the absence of the cutaneous sensation.
Using motion capture system (MAC Eagle System), floor force sensors (Kistler)
, wireless EMGs (Delsys), the data of stationally standing and walking motions are
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obtained for the cases with and without cutaneous sensation by the vibrating devices.
The seven major muscles of lower limbs were used for computation such as Gluteus
Maximuis, Rectus Femoris, Vastus Medialis, Semimembranosus, Tibialis Anterior,
Gastrocnemius, and Soleus.
The results of muscle activity estimation of left Gluteus Maximuis and left
Semimembranosus are shown in Fig. 15 for the stationally standing motion. Blue
dotted lines are the estimation from EMGs and the inverse dynamics. Red solid
lines are the output from the neural network trained using the blue dotted lines as
the reference signals. The mean error is 1.02 × 10−2 .
Fig. 16 shows the results with the learnt neural network with the cutaneous sensation at the left heel using the vibration device. Left Gluteus Maximuis and left
Semimembranosus are shown for the stationally standing motion. Blue solid lines
are the estimated activities of muscles from EMGs and the inverse dynamics. Red
solid lines are computed muscle activities using the learnt neural network with the
muscle lengths and their velocities for the stationally standing and the simulated cutaneous sensation of Eq.(23). Green dotted lines are the computed muscle activities
without the cutaneous sensation. The cutaneous sensation was given at t = 0.05sec
and the difference appeared hereafter between the red and green lines. The skin
segment of left heel connects to L5 and S2, which have projections to Gluteus Maximuis, Semimembranosus. The muscle activities due to the projection compensate
the difference between the blue and green lines.
The results of muscle activity estimation of left Rectus Femoris and left Semimembranosus in walking motion without cutaneous sensation is shown in Fig. 17. Blue
dotted lines are estimation from EMGs and the inverse dynamics. Red solid lines
are the output from the neural network trained using the blue dotted lines as the
reference signals. The mean error is 2.67 × 10−2 .

Left side

Activity

0.5 Gluteus Maximus
0
0.5 Semimembranosus

0

0

0.2

0.4

0.6

0.8

1

1.2

[sec]
Output of Neuralnet Model
EMG and inverse dynamics
Fig. 15 Computed activities of left Gluteus Maximuis and left Semimembranosus in stationally
standing motion without cutaneous sensation.
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Fig. 18 shows the results with the learnt neural network with the cutaneous sensation at the posterior surface of left knee using the vibration device. Left Rectus
Femoris and left Semimembranosus are shown for the walking motion. The lines
are corresponding to the cases of Fig. 16. The skin segment of posterior surface of
left knee connects to L3 and S2. S2 has a projection to Semimembranosus, which
compensates the difference between the blue and green lines of left Semimembranosus.
The simulation results are shown in the following two figures. Four different cutaneous sensations are applied at stationally standing motion and the data was used
for training the neural network. The simulated cutaneous sensation was vartually
applied to the left heel and the dosum of left foot respectively in Fig. 19 and Fig. 20.
The sensation started at t = 0.05 sec.
Gluteus Maximus, Semimembranosus, and Tibialis Anterior were activated and
lifted up the toe with bending the knee in the both cases of sensations. The difference
was observed at Soleus, which did not show the reaction against the sensation at
the dorsum of foot while it did against that at the heel. The results show that the
cutaneous sensation at the heel characterizes Soleus with antagonistic activation.

6 Summary
It was fortunate that the author could start the series of study with CREST Project
(1998-2003) ”Development of Brain-Informatics Machines through Dynamical Connection of Autonomous Motion Primitives.” The computational foundation of musculoskeletal model of the human whole body was developed. The proto-symbol

stimulation

Left side

Activity

0.5 Gluteus Maximuus
0
0.5
0

Semimembranosus

0

0.2

[sec]

0.4

Output of NN with stimulation
Output of NN without stimulation
EMG and inverse dynamics
Fig. 16 Computed activities of left Gluteus Maximuis and left Semimembranosus in stationally
standing motion with cutaneous sensation at left heel
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0
0.5

0

Semimembranosus

0

0.2

0.4

0.6

0.8

1

1.2

[sec]
Output of Neuralnet Model
EMG and inverse dynamics

Fig. 17 Computed activities of left Rectus Femoris and left Semimembranosus in walking motion
without cutaneous sensation.
Stimulation

Activity

0.5

Rectus Femoris

contact

0
0.5 Semimembranosus

0
0

0.1

0.2

0.3

0.4

[sec]

0.5

0.6

0.7

EMG and inverse dynamics
Output of NN without stimulation
Output of NN with stimulation

Fig. 18 Computed activities of left Rectus Femoris and left Semimembranosus in walking motion
with cutaneous sensation.

space and bi-directional computation of human motion data was studied as a mathematical model of the mirror neuron using the Hidden Markov Model.
JSPS Grant-in-Aid-For Scientific Research (S) (2003-2008) ”Development of
Dynamics-Based Information Processing Model of Intelligence” provided a great
support to extend the research. The human-robot communication based on the mathematical model of mirror neuron (Mimesis model) was applied to the realtime
human-robot interaction. Computational model of spinal reflex was developed based
on the musculoskeletal model of the whole human body.
The current study is under the support of JSPS Grant-in-Aid-For Scientific Research (S) (2008-2013) ”Establishing Human-Machine Communication through Kinesiology and Linguistic Integration.” The anatomical modeling and behavioral
modeling are to be integrated in statistical computation with the natural language
model. The communication of humanoid with the human beings are studied.
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Fig. 19 Simulation with stationally standing motion data with left heel stimulation.
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Fig. 20 Simulation with stationally standing motion data with dosum of left foot.

The development of software for high-definition neuromusculoskeletal model
and the large behavioral data base with statistical modeling is currently undergoing
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