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Muscle Strength and Mass Distribution Identification
Toward Subject-Specific Musculoskeletal Modeling

Mitsuhiro Hayashibe, Gentiane Venture, Ko Ayusawa, Yoshihiko Nakamura

Abstract—In current biomechanics approach, the assump- are now available as OpenSim software [2][3]. The efficient
tions are commonly used in body-segment parameters and computational algorithms for musculoskeletal model were

muscle strength parameters due to the difficulty in accessing .5 ed for inverse and forward dynamics on the basis of
those subject-specific values. Especially in the rehabilitation

and sports science where each subject can easily have quite eff|C|en_t multibody dY“am'CS computations [4][5]. )
different anthropometry and muscle condition due to disease,  In this paper, we discuss the muscle strength and mass dis-
age or training history, it would be important to identify those  tribution identification toward subject-specific musculoskele-
parameters to take benefits correctly from the recent advances ] modeling. As mentioned above, many researches on

in computational musculoskeletal modeling. In this paper, Mass . : .
Distribution Identification to improve the joint torque estima- musculoskeletal modeling have been reported especially in

tion and Muscle Strength Identification to improve the muscle the biomechanips society. Th_e_se techniq_u_es_are getting ma-
force estimation were performed combined with previously ture to be applied for the clinical rehabilitation study and

proposed methods in muscle tension optimization. This first other specific purposes. However, to our knowledge, most
result highlights that the reliable muscle force estimation could  of the works use the literature-based anthropometric index

be extracted after these identifications. The proposed frame- L
work toward subject-specific musculoskeletal modeling would for segment mass distribution. The work of de Leva [6]

contribute to a patient-oriented computational rehabilitation. ~ Which adjusted the Zatsiorsky model is commonly used for
segment definitions to obtain "typical” mass distribution.

I. INTRODUCTION The subject weight, height are used as the reference to

A. Background compute the corresponding mass of each segment derived

) _ . from anthropometric table. As it depends on the total mass, it
An understanding of the whole body human motion is &hqyd not be able to represent the subject-specific difference
complex process that requires information at different scalegs mass distribution in the case where the subjects have the
The observation of a motion reflects in fact the brain activitys, me weights and heights, the one is an athlete, and the other
the neural system activity, and the musculo-skeletal syste@ 5 elderly person. In addition, regarding muscle isometric
activity. To fully understand the mechanisms and the interngl .o taple. the work of Delp [3] is quite famous and
network of human motion generation, it is thus mandatonggen ysed when the muscular force is computed based on
to understand each element and the connections betw&§Bciromyography (EMG). This musculotendon parameters
these elements in a multidisciplinary framework. Muscles argaapase is meaningful as it is normally difficult to access
the basic elements to actuate the joints in the human bogyese typical values. However, we can not assume that every
[1]. Analyzing how they activate and generate forces for @piect would have similar muscle strength especially in the
specific motion would significantly improve several researcppapilitation and sports science where each subject has quite
areas ranging from physical therapy to neuro-rehabilitationjittarent muscle condition due to disease, age or training
In addition, quantitative analysis between neural activity anﬁistory. In fact, the group even in the same generation and
muscle force can contribute to the design of Functlonq,{eanhy people can easily have different muscle strength

Electrical Stimulation (FES) for paralyzed muscles and mygepending on daily exercises and the preference of sports.
oelectrical limb control, and also to the design of robotic

prosthetic limbs and exoskeletons.
The modeling of the human body and the computation df- Rélated works

human dynamics is an active field in robotics and biome- |nverse dynamics of musculoskeletal models is commonly
chanics. The general musculoskeletal model of whole bodysed to estimate the joint torques and muscle tensions from
and its dynamics computation method were established afgbtion, ground contact force, and/or EMG measurements.

, . Known problems with the inverse dynamics approach is
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errors in the inverse dynamics result significantly. Its real- Motion Capture
time implementation is also available [9].

The resultant joint torques from inverse dynamics are net v Marker positions
values contributed from every muscle. As the numbers of
muscles span for each joint is greater than the degrees of HD

freedom for each joint, the estimation of each muscle force
is a redundant problem. Thus, usage of EMG has been v
studied by many researchers in biomechanics. EMG-base C e
model relies on measured muscle activity to estimate mus Mass Distribution
force. Potvin et al. [13] derived the relationship between Identification
the EMG signal and muscle force to estimate the muscle Toi .

K L . oint angles & Physically
load during lifting motion. EMG-based models have been l consistent segment info
used to estimate torques around the knee joint by calibrating
the muscle parameters for individual subjects [10]. However, @‘
previously proposed methods for the estimation of forces
based on EMG with calibration were about only one DOF A
as it requires dynamometer to obtain reliable joint torque.
Recently, EMG-driven musculoskeletal model was propose
for multiple DOFs of the joints [16]. This method uses
Opensim to obtain joint torques from motion capture data. Physiologi .

l ysiologically consistent

Joint angles

Ground reaction

forces
<«— | Force plates

Joint angles & Physically consistent torques

Muscle activity,

< EMG

Muscle Strength
Identification

Drawback of complete EMG-driven musculoskeletal Muscle Strength

model is that it is unrealistic to access all the inner mus- : . ‘
cles. In addition, the tensions computed from EMG data/”~ Reliable estimation N |
are not reliable due to the noise in EMG measurements of muscle tensions

and uncertain muscle model parameters. Thus, Yamane and
Nakamura proposed to obtain physically and physiologicallgig. 1. scheme of Mass Distribution and Muscle Strength identification.
reasonable whole-body muscle tensions by forming an op-
timization problem such that the error of the tension-torqu
transformation equation becomes minimum while respecti
the physiological muscle dynamics and the muscle activitp(
when it is available from EMG [5]. All inner muscles
are included in the optimization. However, subject-specifi
mu;cle lstreng.th is not _cpnsidered yet. Identificatiqn metho H,, H,.][§ b, 0 Ne K,
to identify subject-specific muscle states and maximal forc HoOH ] [é’} + {b } = [T] + Z { }
parameter was developed for FES in [15]. In biomechanicst™™ «° 7 ¢ ¢ k=1
normally dynamometer is used for subject-specific musc@here:
strength information. . L i
This work is the first trial to make the identification on ¢ Hij(i;J = 0,¢) is the inertia matrix, _
subject-specific muscle strength and mass distribution based® 9o iS the vector of generalized coordinates which rep-
on motion capture. The concept of this paper is summarized €Sents the 6 DOF of the base-link,
in Fig. 1. The white colored parts are the standard processess 9 IS the vector joint angles, _ o
in the current musculoskeletal analysis. As the subject- ® b; is the plas force vector including centrifugal, Coriolis
specific mass distribution is identified using kinematic in- ~ @nd gravity forces,
formation and ground reaction force, the computed joint * 7 IS the vector of joint torques, _
torques from the inverse dynamics of musculoskeletal models® Ve iS the number of contact point with the environment,
can be improved to output reliable physically consistent ® & 1S the k™" vector of external forces,
torques. In addition, as the subject-specific muscle strength® K#o and K. are matrices which magF’ to the
is identified with the above torque and EMG signal, the ~ 9eéneralized force vector.
optimization result of muscle tensions can be improved to In the aim of identification of the dynamics it is common
output reliable physiologically consistent torques reflectingp rewrite Eq.1 by separating the time-constant inertial pa-
subject-specificity. rametersp from the time varying function¥” [18], resulting
in the identification model given by Eq.2. We have shown
Il. MASS-DISTRIBUTION IDENTIFICATION in our previous work [8] that it is possible to solve the
The equations of motions of a moving system can bientification problem using solely the upper equation of
written as Eq. 1 [17]. The upper equation describes the [Bq.2, thus without requiring the joint torque information.
DOF motion of a free link: the base-link in the 3D spaceThis method is particularly adequate for the measurement of
The lower equation describes the motion of the variouthe human body dynamics.

Rinematic chains constituting the whole system. The base-
k can be chosen arbitrarily, however for practical reasons
is convenient to select the lower torso. The chains are
(f:ormed with the limbs, the upper-torso, the head.



dynamics as in Eq.5. This process is indicated as ID in Fig.

Y 0] [K L
ISP s
¢ k=1 ke T:[HCOHCC]0+bC_ZKkCFk (5)
where: k=1

Y,| . L . To obtain the relationship between the joint torqueand
- Y = {Yc} Is the regressor, which is function of thethe muscle element tensiorfs the Jacobian matrix of the
system joint angle®, velocity 0 and acceleratio, element lengths with respect to the generalized coordinates
and of the vector of generalized coordinatgsand its J € R™"<*"/ is computed as Eq. 6.

derivatives; ol
o ¢ is the vector of inertial parameters to estimate such J = 00 (6)
that: _
where:

]T 3) e |l € R"™* is the muscle lengths,
e O € R"/ is the generalized coordinate,
e Nmus aNdng,y are the number of muscles and DOF of
the model.
o, = mi msiz msiy M. Il The method for computing is detailed in [4]. The prin-
Liyy Lize ILiys ILiza Iiay |7 ciple of virtual works yield the following equation relating
(4)  the muscle forces and the joint torques.

o=1[d; &1 - PN
« ¢; is the vector of standard parameters for each link
B; (j =0to N), such that:

» m; is the mass,

o Ljvas Ljyys Loy Ljyey 1 2as I 2y are the6 indepen- T=J'f ™
dent components of the inertia mati, Solving Eq.7 for muscle forceg using joint torquesr is

o MSi gy, MS;y, Mms; . are the first moments componentsa highly redundant problem. Because the number of muscles
of the vectorms; nmus 1S greater than the total DOk, ¢. The skeletal model

Because the measuring environment is not free from noistsed in this work has 83 DOF with 314 muscles.
and measuring errors, and the modeling of the human body is
an approximation, the identification results are biased. This
bias, even with sufficiently exciting trajectories may lead to ) o
parameters that are not physically consistent. Namely, inertia | "€ transformation from EMG to muscle activation is
matrices should be definite positive, masses should positivéd! €ssential process in Hill-type muscle models [11][12],
and the center of a mass of a link appropriately located i_lft\ IS dominant process b(_acause the estimated r_nus:cle force
the link. In order to guarantee the physical consistency ¢f @ssumed to be proportional to the muscle activation. One
each parameters we have also included a constraint ba&& refer to the detailed steps in [5]. First, mean of the raw
on a simplified shape of the link [9]. For the geometriEMG was taken to offset the baseline of EMG signal. The
identification: lengths of limbs, center of joints, we usdntégrated EMG signal, called IEMG, normalized with the

the marker positions captured from a T-pose to genera@lue of Maximum Voluntary Contraction (MVC) gives the

IV. EMG PROCESSING AND MUSCLE CONTRACTION
DYNAMICS

automatically the adequate model. activity level u. The muscle activitya is obtained by the
The model used for segment identification and thé&llowing first-order differential equation:

musculo-skeletal model differ in the number of degrees . u—a T=T,(u>a) 8

of freedom. This is because for identification we must “@="7 T=T;(u<a) (®)

consider the |dent|f|abll!ty problem, and fo_r the musculo'whereTa and T, are the time constants for activation and
skeletal we must take into account via-points of muscles Lo

In the musculo-skeletal model several virtual links or fixe eactlvat!on. : :

DOF are utilized, and the trunk is divided in links of small_ 'c_Hilltype model is used to estimate the reference
size. The identified parameters must then be adjusted to IPWSUSCIe forcef” with general forr.n of the function by

model. The limbs, the head are globally the same, so we use fF=afil0fo()Fiso 9)
directly the identified parameters. For the other links, we use
a proportional distribution of mass and inertia to reflect the
results of identification, while preserving the high number of
DOF of the musculo-skeletal model.

where:
e F;., Is the maximum isometric muscle force,
« [ is the muscle length,
« fi(1) and f,(I) gives the normalized force-length and
1. TORQUE TO FORCE MAPPINGIN IDENTIFIED force-velocity relationship respectively [7].
MODEL The force length relationship shows a Gaussian distribu-
From the lower part of Eq. 1, once subject-specific inertiion around the optimal length and is formulated as
matrix is identified, more reliable joint torques can be 1 —1p\2
computed with external forces using Newton-Euler inverse A= eXp{_( K, ) } (10)




where K is a constant parameter. which is physically consistent and subject-specific. The op-
fv(l') represents the relationship between velocity antimization is formulated as follows:

normalized force. The muscle can contract at its maximum Find f that minimizes

velocity v, without load and slows down as the load

1 Wem *
increases. This relationship is formulated as follows: Z = §|7' —JTfP+ Tglf —fP? (17)
0 (i < —Vmaz) subject to the following constraints:
; Vih (Vmaw+1) i
=1  Viewed  (TUmesTS0) (A1) E.f<0 (18)
Vsn VsniVmaz+Vimil) (0 < l)

Van VehiVmaz+1 where W, is the weight for EMG-based force reliability
where V,;,,V,,; and V,,; are constant parameters given bycoefficient andE,, is a matrix which extracts the tensions

Stroeve [14]. of all elements fromf.
Defining the appropriatéV.,,, is an issue involving the
V. MUSCLE STRENGTH IDENTIFICATION argument on how we can decide it, because normglfly
Considering the joint torque; which is generated by the is not a subject-specific estimation. For instance, when the
musclek, literature basedF;,, is taken for the elderly subject or
T athlete, the right term of the objective function can lead
o= il . (12) the inconsistency in the sense of subject-specific muscle
= [=aifi, (Ik) fo, (ik) T} Fison (13)  strength. Thus, the identification of muscle strength is a
= CZFZ-SO,C (14) trial to make the EMG-based muscle tension subject-specific

Ixma o - . and physically consistent. Even with the same choice of the
where J, € R *"¥%/ is the element Jacobian for muscIeW

RN be obtained f h it of Vemg: the solutionf can be more reliable as its absolute
k. AS fi, (lk).fo, (le).J}, can be obtained from the result o value. In addition, the identified Muscle-Strength can be used

mversfe k|nhemat|cs landk ,'i obtalne<|1 fron:j EMG mkeasure— for the performance index to evaluate the subject evolution
;nen:] ort elmusg ‘:]S wit EIMG electrodSy is known i, yraining and rehabilitation. In the optimistic scenario,
or the muscles with EMG electrodes. We céll, as net software may automatically judge if the designated task

contribution matrix. . can be performed by the patient who has particular motor
As the human motion is generated by complex Comblfunction problem

nation of multiple muscle forces, then it is not always the
case but for certain tasks, particular joint torque among VI. EXPERIMENTAL RESULTS
T is expected being consisted of the contributions from Experimental setup

particular muscles. In such case and with the assumption
where synergist muscles exhibit similar activity levels like

the muscle grouping in stretch reflex, the net contributio . . .
matrix C', are available if there is EMG measurement in th nalysis). 35 reflective optical markers pasted on the body

muscle group, certain elements in joint torque vector can tfe[[e cap|t_|ured_tb)|/ thesl? camterii. we emlplo%eg mtotdr:ﬂeg l:eledn
expressed as follows: ayes Hospital marker set. They are located at the define

anatomical rigid points to diminish the influence from non-
T(j) = Z CL(j)Fisor (15) rigid skin and muscle movement to insure accuracy of inverse
k=1 kinematics computations. The contact forces are measured by
— Z CT(j)Fisor +d (16) two force-plates (Kistler). EMG data are recorded at 1kHz
é with a 16-channel wireless EMG system (DELSYS) that
is synchronized with other measurements. Bipolar surface
where: electrodes are placed on the following 16 muscles for both
« (j) representgth element of the vector, legs; Gluteus Maximus, Rectus Femoris, Vastus Lateralis,
o Gemg is the EMG measured synergist muscle group, long head of Biceps Femoris, Semimembranosus, Tibialis
« dis the constant residual term which takes into accoumnterior, medial head of Gastrocnemius, Soleus as shown in

The human motions are recorded by a commercial optical
otion capture system consisting of 10 cameras (Motion

emg

the contribution from other elements. Fig.2.
The subject-specific Muscle-Strength, ;. is identified with First, subjects are requested to make Maximum Voluntary
linear regression. Contraction (MVC) for the extension and flexion in each

After the identification of subject-specific Muscle-Strengthoint of lower limbs. The corresponding EMG value was
F;.., @ more reliable EMG-based reference muscle forcesed as an initial reference for the normalization in EMG
f* can be computed. From the previous work [4] abouprocessing. Then, we record a T-pose of a few seconds
optimization criteria for the actuation redundancy problenfior the geometric calibration. Next, a sequence of about 2
in quadratic programming, we should now minimize theminutes of free exciting movements for the mass-distribution
objective function to find a solutiorf keeping the error identification. For the better excitability for each joint DOF,
against EMG-based muscle tension which is physiologicallgubjects are requested to pay attention to articulate each
consistent and the error against the resultant joint torqumdy-segment. One session consisting of slow, normal and



Fig. 2. Appearance of the experiment to measure EMGs and marker
positions for lower limbs.

Candidate A o Candidate B

fast squat is repeated with different weighted loads (Okg, 4kg,
8kg) around the waist. Fig. 3. The results of the identification for the two candidates. The figure
T . represents the identified mass of each link in kg unit, the green color shows
B. Identification of Mass-Distribution link which parameters are identified with excellent accuracy, the blue color

The identified geometric model is used to compute th%mws link which parameters are small. The red arrow shows the direct force
. . . S . ate measurement, the blue arrow is the reconstruction using the identified
inverse kinematics. Each joint information and the globagarameters.
coordinates are then used to compute the regressor matrix
and the transformation matrix for the forces. The contact ‘
forces are measured by two force plates directly. The model 1} Eftp‘;‘:‘
of the body used for identification is simplified compared: —— Semimembranosus
to the musculo-skeletal model. It consists in 34 degrees df ’
freedom located between 15 links. Except for the uppet K
torso, the links correspond to actual segment, thus it is *f 4 {
not a simplification for lower limbs. The upper-torso is 02 b |l M‘Nv el A
considered as one link for a precise identification, rather h ‘ ‘ ‘
than using a decomposition similar to the musculo-skeletal o.03s ; ;
model in several links of extremely small size, and thus
with little mass and inertia, therefore difficult to identify 5% '\
precisely. The global parameters of the upper torso are theén” | ||| |
redistributed on the small links to match the specificity oft 00'(:)115: " | NN AVJ | i\ )
the subject. The identified results are visualized graphically , s ‘ M ‘
as shown in Fig. 3. The green color indicates that the inertial AR ¥ o
parameters are well identified, based on statistic evaluation. Time (5)
The figure in the Iml.( IS the.ldentlfled mass in kllogramSFi . 4. The example of the muscle activation transition from a squat motion
Thle results are C0n3|3t|ent with exgeCtelf?tllvafltuES:l no aberr%ﬁ\ 8kg load (up). The knee element transition of contribution matrix in
value, no negative value, a good ri e alance. An&ectus Femoris, Vastus Lateralis during the same motion. They showed
there is a C|e§r difference in thg identilgiled Mass-Distributioﬁigniﬁca”t correlation with knee joint torgue during the motion (bgttom)
between candidate A and candidate B, which are of different
morphologies.

08+

0.6 -

as shown in the bottom of Fig.4. The squat motion with

C. Identification of Muscle-Strength load made the situation where the knee extensor is required

In this first trial of Muscle-Strength (M-S) identification, to be activated principally even in the knee bending phase.
we focused on knee joint torque variation under squdtor Vastus Lateralis, the synergist muscle group: Vastus
motions. First, we needed to extract motions which haviledialis and Vastus Interioris are assumed to have same
torque variation well correlated to EMG-measured synergisouscle activity.F;,, was identified applying linear regression
muscle groups to be applied in Eq.16. The example of musdie Eq.16.
activation transition is shown in the up of Fig.4. It was The estimation of muscle tensions was performed with the
obtained from a squat motion with 8kg load. Correlatioroptimization as in Eq.17. The muscle force estimation with
analysis in the level of the net contribution matrix wadlifferent weightd¥.,,, was carried out with original settings
performed to judge which EMG-measured synergist muscknd M-S identified settings foF;,, of Rectus Femoris and
group have enough correlation and contribute to the torquéastus muscle group. The average error of left knee joint
production. The knee element of contribution matrix inin the term of|= — J* f| and the maximal estimated force
Rectus Femoris, Vastus Lateralis had significant correlatidn left Rectus Femoris of Candidate B during squat with



0 .
P

8kg were evaluated as in Table I. The maximal estimated
force indicates the force scale solved in the optimization. 2%
F;,, of Rectus Femoris with original model wagnN. F,, -
was identified ag85./V in Candidate BF;,, was identified as 3
802N in Candidate A. For reference, the parameter in Delﬁ
musculoskeletal table /B0./N. Considering the difference of

musculoskeletal geometrical path, it is well identified within -1000
similar range. 1200

-400

-600

-800

TABLE |
KNEE TORQUE ERROR AND ESTIMATED FORCE SCALE FORECTUS
FEMORIS WITH DIFFERENTW ey g IN STATIC OPTIMIZATION

with M-S Ident no M-S Ident

Wemg T error max force T error max force
1 1.1 632 0.87 940
5x 1071 0.99 626 0.78 938
10-1 0.59 595 0.49 871
5x 1072 0.45 591 0.39 832
102 0.26 585 0.23 543
5x 1073 0.23 580 0.20 433
10-3 0.19 483 0.17 337

7 error showed similar result both for the optimization with/without M-S
identification. The estimated force is less influencedVy,,, with M-S

identification. Fig. 5. Estimated muscle forces of Rectus Femoris, Vastus Lateralis and
Vastus Medialis using the identified model in squat motion with 4kg load

P .~ with different speeds (first two series are normal speed, second two are slow
Norma”y when Wemg is increased;r error can be in and last two are fast) (up). The corresponding visualization of estimated

creased because the solution needs to be found keepiAgscle tensions at the indicated time instant (bottom).

physical consistency from ID and respecting EMG-based

model outputs error showed similar result both for the op-

timization with/without M-S identification. However, when VIl. CONCLUSION

M-S identification is not performed, the estimated force In this paper we have presented a method that allows
scale varied a lot depending di.,,,. It is not preferable to reliable subject-specific muscle forces estimation with
since the estimated force is influenced by the computatiaiuscle Strength and Mass Distribution Identification. The
setting. It can be explained by the following: as the musclgroposed method features:

reference forcef, is not realistic, minimizing the right term | Mass Distribution Identification to improve the joint
in the objective function causes problem. Thus, the solution  {orque estimation accuracy,

is easily influenced by the difference &f...,,. In addition, | Muscle Strength Identification to improve the muscle
as F;,, is 1kN for original model, we can see the solution force estimation accuracy,

without M-S Identification is misled while increasingc,. . The above features result in subject-specific muscu-
Thus, the estimated value is still usable as the comparative |gskeletal dynamics computation to compensate the
study with other muscles such as distribution ratio, but not  grawback of conventional computer aided analysis such

small Wemga even in M-S identified case, it started to glve muscle Strength parameters

different solution, but it is normal as it starts not to respect to 1. rasult as in Fig. 5 indicated the starting timing of
EMG-based model output. In any case, the optimal setting @bntractions of knee extensor muscles is visualized in quite

Wemng andWa,,, is hard to be predicted before the analysis o anaple way and the estimated value is expected to be
Since the solution with M-S identification became stable W'tl?eliable since this model computation is considering the

much larger range ofV,,,,, this first results highlight the

. . P subject-specific mass distribution and subject-specific muscle
effectiveness of Muscle-Strength identification.

strength of knee extensors along with EMG activities of
Next, the identified model was applied for the musclesurface muscles and all the inner muscles contributions in
forces estimation in another squat motions with 4kg loadhe optimization process.
Fig. 5 shows the estimated muscle forces of Rectus Femoris,However, in order to apply the proposed method to all
Vastus Lateralis and Vastus Medialis with different speedthe other joints, we still have open problem such as how
(first two series are normal speed, second two are slowe can automatically detect the motions which have high
and last two are fast). The corresponding visualizations @brrelation between torque variation and net contribution
estimated muscle tensions at the indicated time instant amatrix. The excitation index tracking algorithm in torque-
depicted in the bottom. muscle force mapping would be necessary in order to make



this framework applicable in systematic way. The knowledgg4]
about modular control in synergist muscle group [19] is
recently well accepted in neuroscience. It would help a lot tas)
decrease the actuation redundancy problem. Muscle grouping
to realize real-time computation is already implemented in
[20]. Muscle grouping concept would help also for system-
atical detection of high correlated motion in torque-musclgis]
force mapping.

Even though the above problems are required to be
solved, the proposed framework toward subject-specific
musculoskeletal modeling would contribute to a patient7]
oriented computational rehabilitation. In addition to subject-
specificity, human characteristics are basically time variant,s]
for instance, neuromuscular dynamics may vary according to
muscle fatigue. In order to correspond to such time—varyinﬁgl
characteristic, a model-based approach which is combined
with adaptive identification would enable to bring a new?2°l
modality in musculoskeletal modeling as in [21].
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