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ABSTRACT Assessing biomechanics of upper limb movement is essential for guiding targeted therapy to
treat conditions such as spasticity and dystonia. Targeted therapy, including injections of medications into
specific muscles (e.g., lidocaine, botulinum toxin type A), requires accurate identification (activity) and
contribution of as many muscles as possible. Currently, this is achieved by visual clinical assessment or
using surface electromyography (sEMG). Although sEMG could provide a reasonable estimate of muscle
activity for certain superficial muscles after an intense filtering process, they are unable to provide separated
activity and contribution for every superficial and deepmuscle. Other proposedmusculoskeletal andmachine
learning models similarly do not provide a detailed and accurate activity of every muscle. The objective
of the study is to design a subject-specific musculoskeletal model to predict the activity and contribution
of each muscle pertaining to any upper limb movement with improved detail and accuracy over existing
methodologies. Performance metrics were calculated for validation by comparing the predicted muscle
activity with the normalized sEMG data computed from 8 superficial muscles, while the deeper muscles
were not included in the validation as the sEMG is unable to provide a separated activity for those muscles.
The results show that the proposed model has a mean R2 value of 0.8190 and also indicated a statistically
significant correlation (P < 0.0001) between the calculated (normalized sEMG data) and predicted activity
value. Additionally, and significantly, compared to earlier studies, the proposedmodel predicts the individual
muscle activity and contribution of deeper muscles.

INDEX TERMS Muscle activity prediction, musculoskeletal model, simulation, subject-specific analysis,
upper-limb.

I. INTRODUCTION
Multi-segmental upper limb movements are complex as each
joint is controlled by many superficial and deep muscles and
can have multiple degrees of freedom. The complexity makes
it difficult to accurately determine the activity and relative
contribution of each muscle to overall limb motion. With
advances in the treatment of conditions such as dystonia,
tremor, and spasticity using targeted intramuscular injection
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therapies (e.g., botulinum toxin), there is a potential need to
better model muscle activity and its contribution to upper
limb joint motions. This is because the therapeutic efficacy
depends on proper targeting and dosage determination of
muscles for which knowledge of the exact activity and con-
tributions of individual muscles is required. However, such
detailed modeling of muscle activity and contribution for
upper limb motion is lacking, which is the motivation behind
this study. Currently, methods for determiningmuscle activity
involve visual assessment and surface EMG (sEMG) [1].
sEMG is the standard method used by clinicians to determine
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the muscle activity as simultaneous, multi-muscle intramus-
cular needle EMG is highly invasive, painful, and in some
cases, the patient needs to be anesthetized [2]. Hence, the only
clinically used objective measuring technique is sEMG,
which provides a compound muscle activity value only for
some of the superficial muscles and is unable to provide the
activity of deeper muscles [3], [4]. Additionally, the sEMG
activity calculated for superficial muscles is affected due to
mechanical andmotion artifacts and therefore requires proper
positioning of the sensor and various filtering techniques to
remove any noise signals [5], [6]. Moreover, sEMG tells
us the activity of muscles individually but does not provide
an overall relative contribution of each muscle as it cannot
determine the passive force of the muscles. Using sEMG
and kinematic measures of limb movements, other muscu-
loskeletal models [7], [8] and machine learning methods [9]
have also been proposed to predict muscle contribution to
motion. However, there are numerous limitations in the exist-
ing models such as lack of detail (only a few muscles were
considered leaving out remaining muscles which could also
remain active to perform the desired movement), no subject-
specific modeling, and lower prediction accuracy when com-
pared with calculated sEMG value for superficial muscles.
Therefore, there is currently a need to develop a more accu-
rate, detailed, and subject-specific method to predict muscle
activity/ contribution to a desired upper limb motion [10].
To define some of the terminologies, muscle force can be
divided into active force (that associated with actin-myosin
cross-bridge) and passive force (tension arising in the mus-
cle’s elastic element when stretched) [11]. This study refers to
two different muscle parameters: muscle activity and muscle
contribution, computed using the muscle’s active and pas-
sive force. Muscle activity is determined by the active force
generated by the individual muscle, comparable to sEMG
data. In contrast, muscle contribution involves active and
passive force and is calculated as a relative percentage of
all superficial, deep, and smaller muscles performing and
maintaining a joint movement/position.

This work proposes a detailed subject-specific model that
includes all the superficial and deep muscles capable of
performing multi-joint upper limb motions. The proposed
musculoskeletal model was developed using The AnyBody
Modeling SystemTM (AMSTM) (Version 7.2.3, AnyBody
Technology) [12]. The model takes kinematic motion data as
inputs and outputs the force and kinematic data of the individ-
ual arm muscles. The model includes 61 upper-limb muscles
containing 141 muscle elements, 7 rigid bone elements, and
7 functional joints, making the model much more detailed
than earlier studies. Validation of the model’s performance
was done through comparisons with normalized sEMG data
as it is currently the standard tool used by clinicians and is
considered the gold standard for determining muscle activity.
Performance metrics such as R2, Root Mean Squared Error
(RMSE), and significance of correlation coefficient were
calculated between the predicted and calculated (normalized
sEMG) activity data. These performance metrics showed a

higher correlation for superficial muscles than previous mod-
els indicating a more accurate prediction which is one of
the primary contributions of this study. In addition to being
more detailed and accurate than earlier models, the proposed
model is also subject-specific as most parameters associated
with rigid bone, muscle, and joint elements can be adjusted
to fit the subject. Furthermore, the study also estimates the
individual muscle contribution, which has not been done in
earlier studies.

II. METHODS
A. SUBJECTS
Six healthy subjects (age - mean: 28 years; range: 25-32
years, mass - mean: 81.5 kg; range: 72-87 kg, height - mean:
1.72 m; range: 1.66-1.85 m) participated in this study. The
Office of Human Research Ethics, in Western University’s
Research Ethics Boards (REB), approved this study proto-
col (protocol number: 108252). All subjects provided their
informed consent approved by REB prior to the study. This
study analyzed only the movements of the right arm, and the
participants were asked to perform five distinct sets of tasks.
Each task comprised a multitude of movements involving
three upper extremity joints (wrist, elbow, and shoulder). The
subjects were asked to performfive trials for each of the tasks.

FIGURE 1. Sensor placement.

TABLE 1. Sensor placements during kinematic data acquisition.

B. KINEMATIC DATA ACQUISITION
In this study, the arm movement was captured using wireless
motion sensors, which were used as inputs to the model. Five
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sets of tasks that involved a combination of joint movement
in available Degrees of Freedom (DOF) were selected. Three
electro goniometers [13] were used for measuring the joint
angles about a movement in the wrist, elbow, and shoul-
der joints. Further, one torsiometer was used for measuring
angles pertaining to the pronation/supination of the forearm.
A detailed diagram indicating the location of the sensor in the
arm is shown in Figure 1. A view from another plane is also
provided in section II of the Supplementary Material to better
indicate the exact position of the sensor. The data collected
from the sensors were independent of each other, i.e., they
are mutually exclusive [14]. Table 1 indicates the placement
of each sensor on the arm.

1) DATA PRE-PROCESSING
The sensor data needed to be pre-processed before it could
be provided as an input to the model. First, the sensor data
were filtered using a high pass filter to avoid noise interfer-
ence. The filtered data are then pre-processed using Python
3.5. For almost all the joint angles, there are some minor
offsets between the sensor values and the values that need
to be entered into the simulation model. For instance, a fully
flexed wrist in the simulation model is −90 degrees, and a
fully extended elbow in the simulation model is 90 degrees.
However, the range of values in the sensors for the same
movement is different. For instance, the sensor value for a
fully flexed wrist is −50 degrees, and the sensor value for a
fully extended elbow is 130 degrees. So, the range of values
obtained from the sensors was converted to the range of val-
ues accepted by the simulation model while maintaining the
ratio. One final step is to perform an interpolation operation.
The interpolation increases the sample points by estimating
the intermediate values. This would be useful in breaking
down a motion into more steps and thereby allowing an in-
depth analysis. Therefore, these corrected sensor values were
then interpolated using the B-spline function of order four as
it provides a smooth approximation of data points [15], [16].
Table 2 shows the joint angles associated with the respective
movements. The value zero represents the joint angle when
the arm is placed at the neutral or resting position while
standing.

TABLE 2. Range of joint angles.

2) SEQUENCE OF JOINT MOVEMENTS INVOLVED IN THE
TASKS
This section explains the sequence of joint movements per-
formed in each task (see Table 3 ). Figure 2 shows the

kinematic sensor data pertaining to task - 1, while the kine-
matic data for the other tasks are provided in the Supple-
mentary Material (Figure S5, S8, S11, S14). The values
in Table 2 can be compared with Figure 2 to identify the
respective joint movements. The dotted lines divide the data
into sectors depending on the timed change of the movement.
For instance, the first sector does not have any voluntary
joint movements, followed by the second sector, which indi-
cates a voluntary shoulder flexion and so on. This sector-
wise division was also carried out in the predicted and the
calculated activity value to analyze the performance of the
model. The methodology behind calculating the performance
metrics using these divided sectors is explained in subsequent
sections (Section II H).

TABLE 3. Sequence of movements associated with the task.

While the five primary tasks only involve the three joints
and their rigid bodies, other rigid bodies such as scapula and
clavicle were also modeled. Joint movements pertaining to
these rigid bodies were not included in the five tasks because
these joint movements are usually not affected by the upper-
limb tremor. Therefore, to address this limitation, a secondary
result that involves muscle activity pertaining to scapula and
clavicle motion such as shoulder protraction/retraction and
shoulder elevation/depression was provided in section VII of
the Supplementary Material.

C. SURFACE EMG: DATA COLLECTION AND PROCESSING
In this study, a Delsys Multi-contact sEMG sensor has
been used to collect data for the five-set of tasks described
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FIGURE 2. Motion data obtained from sensors after pre-processing for
task - 1.

in Table 3. The sEMGdatawere recorded simultaneously dur-
ing the kinematic data acquisition to ensure that the kinematic
data and sEMG data correspond to the exact same motion.
The sEMG activity has been calculated for 8 superficial mus-
cles involved in upper extremity movements: Biceps, Triceps,
Flexor Carpi Radialis (FCR), Extensor Carpi Radialis (ECR),
Deltoid, Teres Major, Pectoralis Major, Latissimus Dorsi.
The sEMG suffers from various limitationsmentioned earlier.
Therefore, to minimize the effect of these limitations and
get a better estimate, sEMG recordings were collected over
five trials for every task. These five trials were then averaged
together to avoid any signal noise.Moreover, steps were taken
to ensure that the sEMG sensor was placed over the proper
muscle belly to avoidmuscle crosstalk. In order to avoid noise
and extract the necessary information, the sampling rate was
chosen to be 1000 Hz. A study by Ives andWigglesworth [17]
has determined the appropriate sampling rate for sEMG data
acquisition. This study has indicated that under-sampling
could lead to loss of information, and oversampling above
1000 Hz is not necessary to capture the critical aspects of
the sEMG signal. Therefore, 1000 Hz is usually the recom-
mended sampling rate for the sEMG to capture the necessary
information. The sEMG data were rectified and filtered using
a second-order Butterworth filter with a cut-off frequency
of 20 Hz. The sEMG data were also collected for all the
8 superficial muscles during the corresponding Maximum
Voluntary Contraction (MVC), which was then used to nor-
malize the obtained sEMG recordings.

The normalized sEMG data for the 8 superficial muscles
were then compared with their corresponding predicted value
to calculate the performance metrics such as Root Mean
Squared Error (RMSE), R2, and p-value to determine and
validate the efficacy of the proposed model. The performance
metrics were calculated only for superficial muscles as the
sEMG does not provide activity data for deep muscles.

D. MUSCULOSKELETAL MODEL
This section provides the general method used in design-
ing the musculoskeletal model. The methodology applied in
transforming this model into subject-specific is provided in

the next subsection. Figure S1. in the SupplementaryMaterial
shows the musculoskeletal model used in this study.

1) RIGID BODY (BONES)
The bones associated with the shoulder, elbow, and wrist
movements were modeled separately, whereas the bones
associated with the hand were modeled as one single element
without joints. The rigid bodies that compose the muscu-
loskeletal model are the thorax, scapula, clavicle, humerus,
radius, ulna, and hand. The bones are a rigid body element
whose position and orientation are defined by.

qi =
[
rTi pTi

]
(1)

where rTi is the global position vector of the center of mass
and pTi is a vector of the Euler parameters corresponding to
the ith rigid-body element.

2) JOINTS
Joints add constraints to the bones and thereby restrict
their degrees of freedom (DOF). The kinematic constraints
imposed by the joints were solved using the Newton Raph-
son method to perform a kinematic analysis. The func-
tional joints of the proposed model are the wrist, elbow,
radioulnar (forearm), glenohumeral (shoulder), scapulotho-
racic, acromioclavicular and sternoclavicular joint. In order
to individualize each DOF allowed by a joint, the software
considers each DOF separately using a driver object. This is
done to account for their respective kinematic measures and
perform movements in each DOF allowed by the joint inde-
pendently. Therefore, one joint could have multiple driver
objects depending on its degrees of freedom, and each of
the modeled joints is moved using multiple driver objects to
perform tasks in their available DOFs. For instance, the shoul-
der joint has three DOFs, namely a) flexion/extension, b)
internal/external rotation c) abduction/adduction. While the
shoulder joint is mechanically modeled as a ball and socket
joint, in order to individualize each DOF, three different
driver objects are programmed with each dedicated to one
DOF and perform any action in that DOF. This dedicated
driver object will consider the kinematic measures for that
DOF, and the trajectories for each DOF have to be provided
to their corresponding driver object. Therefore, the shoulder
joint in this study is capable of performing any movement in
the available three DOFs.

3) MUSCLES
Muscles are complicated mechanical units that enable the
movements of the rigid body elements by contraction. The
creation and working of muscle fibers are discussed in [18].
The study uses a three-component muscle model and consid-
ers the muscle as an elastic string wound around a rigid-body
element. The study uses two different muscle types: via point
muscle and wrapping muscle, depending on functionality
and pathway. The proposed model includes 61 upper-limb
muscles containing 141 muscle elements.
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E. SUBJECT SPECIFIC MODELING
A general upper extremity model was constructed based on
the method provided in Section II D. This model was then
adapted to fit the participant fromwhom the kinematic data of
upper extremity movement was obtained. Parameters related
to three elements of the model, namely bones, joints, and
muscles, were adjusted to fit the subjects.

1) ADAPTING THE RIGID BODY (BONES) PARAMETERS
In terms of rigid body elements, the model parameters such as
length, mass, and inertia of the rigid body have been adjusted
depending on the subject. The moment of inertia of the rigid
body is indicated using an inertia tensor matrix shown in
equation 2.

I =

Ixx 0 0
0 Iyy 0
0 0 Izz

 (2)

Ixx = Izz = Iyy = f (Mass, radius, length) (3)

The length of the rigid body is changed depending on
the subject’s arm length, while the mass of each rigid body
segment is calculated as a percentage of body mass measured
from the subject. The percentage associated with each rigid
body for calculating its mass was obtained from earlier litera-
ture [19], [20]. The radius of the bonewas also calculated sep-
arately using the measured length and mass. As the moment
of inertia is a function of length, radius, and mass, the inertia
tensor matrix also varies for each participant. The average
rigid-body parameters assigned to the model are provided in
section IV of the Supplementary Material.

2) ADAPTING THE JOINT PARAMETERS
The joints in the proposedmodel are kept constant because all
the subjects involved in this study are healthy and had no joint
disorders. Therefore, no adjustments in terms of joint param-
eters were required for this study. However, the constraints
added by the joints could also be altered if the range of joint
movement is affected due to any joint dysfunctions. Although
it has not been shown in this study, the joint constraints
have been altered in our trial runs to vary the joint mobility
in attempting to fit the model to various joint dysfunctions
such as those due to accidents and stress injury. The joint
parameters are provided in section IV of the Supplementary
Material.

3) ADAPTING THE MUSCLE PARAMETERS
For each muscle, the origin, via, and insertion points are
user-defined and can be adjusted depending on the subject.
In this study, the insertion points of muscles are changed
to suit the bone length of the subject. The muscle path,
insertion, and origin points can be altered to suit the subject
if they suffer from any neuromuscular disorder. Theoretically,
subject-specific Physiological Cross-Sectional Area (PCSA)
can also be measured as a ratio of muscle volume and fiber
length, which could provide us with a model that fits the sub-
jects even more accurately. However, calculating the muscle

volume and PCSA for each subject requires procedures like
Magnetic Resonance Imaging (MRI) which is time and cost-
intensive. Further, it is unsuitable for the application aimed in
this study as procedures likeMRI is not carried out during tar-
geted therapy to treat movement disorders. Therefore, PCSA
for each muscle is kept constant for all subjects. The parame-
ters assigned to each of themuscles are provided in section IV
of the Supplementary Material, and these parameters are
obtained from existing studies [21]–[24]. While these muscle
parameters are kept constant for the five tasks performed by
the six subjects, the model is capable of adapting the muscle
parameters and predicting the activity accordingly. There-
fore, to demonstrate this, three sets of muscle parameters are
obtained from earlier studies [25], [26], and corresponding
muscle activity for each set of muscle parameters was pre-
dicted for an elbow flexion/ extension. The results for this
elbow motion with varying muscle parameters are given in
section VI of the Supplementary Material.

F. MUSCLE RECRUITMENT DYNAMICS
1) INVERSE DYNAMICS IN THE MUSCULOSKELETAL MODEL
Biologically, the muscle recruitment process in a human
body is carried out using activation dynamics [27], [28].
However, the musculoskeletal model used for this study does
not include activation dynamics. This section explains how
inverse dynamics replaces activation dynamics to predict the
muscle forces andmoments based on the kinematics and iner-
tial forces. The inverse dynamics algorithm used in this study
comprises an objective function that needs to be minimized to
obtain the optimal force exerted by each muscle to complete
a task. Equation 4 below shows the equilibrium equation for
the musculoskeletal system:

Cf = r (4)

where f = [f (m) f (r)]T is a vector containing the muscle
force (f (m)) and joint reactions (f (r)). This is the unknown
and needs to be determined. C is the coefficient matrix for
the unknown forces, where each row in this matrix comprises
coefficients to muscle forces pertaining to an element in
the vector r. The values of these coefficients depend on the
position of body segments at that instant. On the right-hand
side of equation (4), r denotes the external and the inertia
forces. The complication in solving for the vector f is that
more than one muscle can move a joint, which means that
there are more unknowns than equations in this system,
which in turn indicates more than one solution for a specific
kinematic arm configuration. Biologically, the central ner-
vous system (CNS) uses a specific criterion in the activation
dynamics to solve this redundancy and recruit the necessary
muscles. Although the activation dynamics are not present
in the proposed model, the criteria used for muscle recruit-
ment in inverse dynamics need to resemble the CNS criteria.
A previous study by Prilutsky and Gregor [29] discusses the
performance of multiple objective functions that have been
proposed to replicate the criterion used by the CNS to recruit
muscles. Therefore, a similar objective function was used in

111476 VOLUME 9, 2021



Y. Krishnasamy Tamilselvam et al.: Musculoskeletal Model to Predict Muscle Activity During Upper Limb Movement

the inverse dynamics model for solving the redundancy and
predicting the optimal muscle forces (f). The optimization
problem is specified as follows [30].

Minimize G(f (M)) (5)

Subject to Cf = r (6)

f (M )
i ≥ 0, i = 1, 2, n (7)

where G is the objective function to be minimized to obtain
the optimal value of the vector f. The first constraint is the
equilibrium equation, which enables us to take the motion
kinematics into account. The second constraint is that the
muscle force must always be non-negative as the muscles can
only pull and not push. The chosen objective function (G) is
shown in equation 8:

G =
∑

i

(
f (M )
i

Ni

)P
(8)

where f (M )
i is the muscle force. The degree of the polynomial

(P) was chosen as 3 based on previous literature [29], which
indicates that an objective function with a third-degree poly-
nomial was found to have the least error compared to others
and further increases muscle synergism. A lower polyno-
mial value discourages muscle synergism, whereas a higher
polynomial might cause an abrupt change in contraction and
elongation of a muscle, which is not physiologically possible.
The strength of the corresponding muscle is taken as a nor-
malization factor (Ni) to regularize the muscles with varying
strength and thereby ensure that larger/stronger muscles carry
more load than smaller/weaker muscles.

The proposed model considers the force-length-velocity
relationship when predicting the muscle force for a task.
Quental et al. [31] and Nikooyan et al. [32] have also
implemented the force-length-velocity relationship in their
upper-limb model. A comparison with these existing models
is provided in the Discussion section. The Ni is a time-
dependent muscle strength parameter that indicates the max-
imum force that a specific muscle can produce at a given
instant. This parameter is a function of maximum mus-
cle force, normalized force-length, and normalized force-
velocity relationship. Therefore, the force-length-velocity
relationship was considered through the normalization factor
in equation 8. This normalization parameter also puts a limit
on the maximum force that a muscle could generate through
the variable F0. The normalization parameter is shown in
equation 9.

Ni = F0cos (α) F̂ (l)F̂ (v) (9)

where F0 is the maximum isometric force, α is penna-
tion angle, F̂ (l) is the normalized force-length relationship,
and F̂ (v) is the normalized force-velocity relationship. The
above-mentioned normalization parameter ensures that the
resulting muscle force obtained from minimizing the objec-
tive function satisfies the force-velocity-length relationship.

G. MUSCLE ACTIVITY AND CONTRIBUTION
This section explains how the active, passivemuscle force and
muscle kinematics predicted from the proposed model were
used to calculate the muscle activity and contribution.

1) MUSCLE ACTIVITY
Muscle activity is calculated using the muscle’s active force
involved in performing a movement and is comparable to the
sEMG. The active force needs to be generated to complete a
specific movement and is associated with the actin-myosin
cross-bridge. For instance, the biceps and brachioradialis
produce active force to perform elbow flexion, while the
triceps and anconeus produce active force to perform elbow
extension. This active force also depends on the load applied
to a rigid body structure. There was no external load applied
in this study but, gravity is compensated by simulating a load
in the y-direction.

2) MUSCLE CONTRIBUTION
Muscle contribution indicates the share of contribution by
each muscle in performing and maintaining the desired joint
movement and position, respectively. It involves both the
active and passive force of the muscle. The muscle activity
parameter tells us the activity of a single muscle but does
not tell us the contribution of a muscle compared to every
other muscle involved in that movement. This value is pro-
vided in the muscle contribution in percentage. For instance,
to maintain an elbow joint flexed at 90 degrees, a contri-
bution of 30% from biceps, 40% from triceps, 10% from
brachioradialis, and 20% from brachialis might be required.
The contribution from primary muscles, when added up, does
not practically come up to 100%, as some smaller muscles
could also contribute to maintaining joint stability. This study
will show the result of a set of superficial and deep/small
muscles that are already known to contribute to specific joint
movement. However, contributions from other muscles could
also be obtained from our model. One of the advantages of
the proposed model is that the active and passive force for
smaller/ deeper muscles can be predicted, which provides us
with enough information in calculating the exact contribution
percentage of each muscle to a specific movement. In con-
trast, sEMG cannot quantify the passive force of the muscles.

3) ESTIMATION OF MUSCLE ACTIVITY AND CONTRIBUTION
The proposed model predicts the active and passive force
through the inverse dynamics optimization explained earlier.
The three-element muscle model that is used in this study,
as shown in Figure 3 [33], consists of a contracting compo-
nent (CC), a parallel elastic component (PEC), and a series
elastic component (SEC).

The CC is the source of the muscle’s active force (FA),
while the PEC and SEC represent the source of the muscle’s
passive behavior (FP) and the elasticity of the tendon, respec-
tively. The variable γ represents the pennation angle of the
muscle, while Lm and Lt represent the length of the muscle’s
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FIGURE 3. Three-element muscle model.

contractile element and the tendon, respectively. The individ-
ual muscle activity (MA) and muscle contribution (MC) in
this study are calculated using the predicted muscle force as
shown in equations 10 and 11, respectively.

MAj =
F jA
F jMVC

(10)

where FMVC is the force at maximum voluntary contrac-
tion and F jA indicate the time-varying active force at jth

muscle.

MC j =

(
F jp + F

j
A cos γ

j
)
∗ PCSAj∑n

i=1

(
F ip + F

i
A cos γ

i
)
∗ PCSAi

(11)

where the terms F jA and F jP indicate the normalized active
and passive forces generated by the jth muscle respectively,
the terms F iA and F iP present in the denominator indicate
the normalized active and passive force generated by the
ith muscle respectively and PCSAj, PCSAi are the Phys-
iological Cross-Sectional Areas of the jth and ith muscle
respectively. The force at the MVC (FMVC ) was obtained
from the model for each muscle. All the values mentioned
above except FMVC and PCSA are time-dependent and
continuous.

H. CALCULATING THE PERFORMANCE METRICS OF THE
MODEL
The normalized sEMG data (See section II C) and the pre-
dicted activity value from the model (See section II G)
were compared to calculate the performance metrics for
determining the efficacy of the model. Before this calcula-
tion, the normalized sEMG data and predicted value were
divided into sectors based on the timed change of the move-
ment. These sectors were indicated through dotted lines
in figure 2. Only the predicted output belonging to that
sector were compared with the corresponding normalized
sEMG output belonging to the same sector. This was done
to ensure that the predicted and calculated data belonging to
the different joint movements were not compared, leading
to incorrect performance metrics. While the performance
metrics were calculated for each sector separately, the RMSE

for each muscle was obtained by averaging RMSE com-
puted from each sector. The correlation (R) obtained from
each sector were also combined together for each muscle
using Fisher’s Z-transformation method [34], [35]. Equa-
tions 12 and 13 indicate the generalized method for calcu-
lating the performance metrics such as RMSE and Pearson
correlation (r).

RMSE =
√
(MAEMG −MASIM )2 (12)

r=

∑n
i=1
(
MAEMGi−MAEMG

) (
MASIM i −MASIM

)√∑n
i=1
(
MAEMGi−MAEMG

)2√∑n
i=1
(
MASIM i−MASIM

)2
(13)

where MAEMG, MASIM refers to the normalized sEMG and
the predicted activity, respectively. A test to determine the
significance of the correlation coefficient [36], [37] was
performed for 8 superficial muscles in each sector, and a
p-value for each of these tests was calculated. The p-value
calculated for the 8 superficial muscles in each sector were
combined using the harmonic mean method [38] to obtain
a muscle-wise p-value. The null hypothesis when calculat-
ing the p-value is that the sEMG and predicted values are
uncorrelated, which means if the p-value is less than our sig-
nificance value (0.05), the null hypothesis could be rejected,
providing us statistically significant evidence for the corre-
lation between sEMG and predicted values. The calculated
performance metrics are provided in the result section below.

III. RESULTS
A. OVERALL PREDICTED ACTIVITY AND CONTRIBUTION
The muscle activity and contribution described in
equations 10 and 11 were calculated from the predictions
of kinematics and force output obtained from the muscu-
loskeletal model. Five trials were performed for every task,
and the predictions were then averaged together to obtain a
much more reliable output. Performing multiple trials of the
same tasks ensures that the results are consistent and are not
altered by any random events. To further generalize the result
across multiple subjects, the activity and contribution output
of the six subjects were also averaged together to obtain
the final result. The overall muscle activity and contribution
obtained through the proposed model for task 1 are shown
in Figures 4 and 5, respectively, while the plots corresponding
to the other tasks have been added in the Supplementary
Material (Figure S6, S7, S9, S10, S12, S13, S15, S16).
Muscle activity is dimensionless and ranges from 0 to 1,
while the muscle contribution is represented in percentages.
In addition to the superficial muscles, specific small, deeper
muscles such as pronator teres, pronator quadratus, anconeus,
brachialis, brachioradialis, and supinator are also analyzed as
shown in Figure 6, some of which are not possible to estimate
in an sEMG or using any previous models. A diagrammatic
representation of the overall process involved in predicting
the activity/contribution is provided in the Supplementary
Material (Figure S4).
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FIGURE 4. Overall muscle activity across six subjects through musculoskeletal model for task - 1.

FIGURE 5. Overall muscle contribution across six subjects through musculoskeletal model for task-1.

B. SUBJECT-SPECIFIC ACTIVITY AND CONTRIBUTION
One of the study’s goals was to obtain a subject-specific
activity prediction. While the previous section indicated the
intra-subject activity predictions (overall averaged activity
across six subjects) for task 1, this section provides examples
of the inter-subject predictions between two subjects.

The altered parameters are provided in section II E.
Figure 7 shows the individual muscle activity for two sub-
jects. In terms of measured and calculated parameters,
the mass, length, and radius of the rigid body for subject-
1 are approximately 15.9%, 8.95%, and 3.15% lower, respec-
tively, than those for subject-2. The average principal axes
of inertia (Ixx, Iyy, Izz) are approximately 32.25 % lower for
subject-1 than for subject-2. The muscle insertion and origin
points were adjusted accordingly, while the joint constraints
were the same for both subjects.

The activation of the two subjects almost aligns with each
other even with varying parameters apart from increased

activations in certain regions, which could be attributed to
the higher inertia of the rigid body for that subject. This is
because the predicted activity of each subject was normalized
against the subject’s corresponding activity at the muscle’s
MVC, which resulted in activity from multiple subjects to
align with each other. The application of this subject-specific
model would be more evident when used on patients with
varying degrees of movement disorders or joint dysfunctions,
which could help individualize the treatment based on the
patient’s condition. This subject-specific model contributes
to that direction. Subsequent studies would focus on utilizing
this subject-specific model using kinematic data collected
from patients with movement disorders.

C. PERFORMANCE METRICS
Performance metrics were calculated by comparing our pre-
dicted output with the normalized sEMG output pertaining
to the same movement. The procedure followed to acquire
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FIGURE 6. Overall muscle activity and contribution for smaller and deeper muscles for task-1.

FIGURE 7. Muscle activity between two different subjects for task-1.

a reliable set of sEMG data for superficial muscles is men-
tioned in Section II C. Both the predicted output and cal-
culated output are divided into sectors based on the timed
change of movement and compared with their corresponding
sector to estimate the performance metrics. Table 4 shows the
performance metrics comparing the calculated and predicted
activity values. The p-values that are below 10−10 are repre-
sented through a statement of inequality.

The average R2 value across all the muscles was found to
be 0.8190. The high R2 value indicates a close correlation
to the normalized sEMG data for the 8 superficial muscles.
The RMSE average of our proposed model is 0.1031. There

is a slight discrepancy between the predicted and calcu-
lated sEMG value leading to a small RMSE value. How-
ever, this small discrepancy can be justified. Even the sEMG
recordings between multiple trials of the same movements
could be slightly different. To confirm this, the RMSE value
between sEMG recordings obtained from five different tri-
als of the same movement was calculated and found to be
0.04485. Therefore, the obtained RMSE value for the pro-
posed model is on the lower side, indicating that the predicted
output closely resembles the normalized sEMG output for
the 8 superficial muscles. Further, the overall p-value (in
this case, the probability of an uncorrelated system) was
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TABLE 4. Muscle-wise performance metrics of the model’s activity output.

calculated across the validated muscles mentioned in Table 4
using the harmonic mean method in order to control the
family-wise error rate. The overall p-value was P < 0.0001,
indicating that the correlation between the calculated and
predicted value is statistically significant.

The obtained performance metrics indicate that the pre-
dictions of the proposed model align with the normalized
sEMG data, which is currently considered the gold standard
for calculating muscle activity. Although only 8 superficial
muscles were used in calculating the performancemetrics due
to the limitation posed by sEMG, the proposed model also
provides the activity of many more superficial and deep mus-
cles. Further, our model can determine the exact contribution
of each muscle in performing a movement.

Further validation can also be done by comparing Figure 2
for correlating the filtered sensor data to the corresponding
activity or contribution plot. For instance, at t= 10s in task 1
(Figure 2), shoulder flexion took place and was matched
by an increase in deltoideus activity and contribution shown
in Figures 4 and 5, respectively. Furthermore, apart from
superficialmuscles, the activity of small/ deepmuscles shown
in Figure 6 could also be validated by comparing with the
kinematic arm movement. For instance, at t = 20 s, an elbow
flexion occurs, which is matched by an increase in the activity
of brachialis and brachioradialis.

IV. DISCUSSION
The proposed work focuses on designing and adapting the
developed model depending on the subject, i.e., developing
a subject-specific model for analysis. Studies have stressed
the importance of individualizing treatments provided for
movement disorders to improve their effectiveness. In order
to tailor the treatment based on the patient’s condition, there
is a need for a more accurate, detailed, and subject-specific
analysis. While the earlier musculoskeletal models lack in
this regard, the proposed model was designed to consider
the various parameters that would affect the muscle activ-
ity/contribution pertaining to a motion. The musculoskeletal
model uses kinematic motion data to predict muscle force,
which is further used to determine muscle activity and con-
tribution. The predicted activity was then compared with
the normalized sEMG data corresponding to 8 superficial

muscles to obtain the performance metrics, which indicated
a good correlation. Our model and its performance metrics
can also be compared with the existing models to indicate
improved accuracy and detail.

A probabilistic model proposed by Johnson and
Fuglevand [9] to predict activity for upper extremity mus-
cles indicates an R2 value of 0.40 ± 0.18 averaged across
12 different muscles when performing the movement in a
three-dimensional space, which is significantly lower than the
obtained R2 value from the proposed model. Moreover, only
12 muscles were included in the probabilistic model lacking
in detail. Klemt et al. [39] have proposed 10 MRI-based
shoulder models containing 87 muscle elements. While this
model is less detailed than the proposed model, the authors
estimated muscle parameters using MRI on 10 subjects.
However, the authors have indicated that this process is
extremely time-intensive, and MRI is also not a technique
that is used when treating patients with targeted therapies.
Therefore, certain muscle parameters such as PCSA, optimal
fiber length, muscle volume were not estimated in the study
for each subject, although the model can predict muscle
activity for varying muscle parameters. To showcase the
model’s ability to adjust muscle parameters based on a
subject, the parameters have been altered based on already
existing datasets obtained from earlier studies [25], [26], and
the corresponding activity results for each set of parameters
have been provided in section VI of the Supplementary
Material. This indicates that the model can adjust to any
subject’s parameter and accurately predict muscle activity.

Wu et al. [40] have proposed another subject-specific
model, but the model contains only 26 muscle-tendon units
lacking in detail compared with the proposed model. Further,
while the model’s output was compared with other generic
models, a correlation or RMSE value compared with the
sEMG data was not computed. Therefore, the model’s per-
formance compared to the current gold standard technique
for estimating muscle activity is unknown.

Another significant upper-limb model proposed by
Nikooyan et al. is the Delft shoulder and elbow model [32]
that can estimate muscle forces. Scaling of rigid bodies
using this model [41] was also performed across two dif-
ferent subjects, which has resulted in improved accuracy.
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TABLE 5. Comparison with earlier models.

However, this model only considered the muscles pertaining
to the shoulder and elbow, which includes about 31 muscles.
A correlation with sEMG data was computed in [32] and
was found to be 0.66. A study [42] was also conducted in
which different scaling methods were compared to fit the
shoulder model onto 30 volunteers. The result from the study
indicates that it is possible to scale the model parameters to
fit the subject. However, the muscle force or activity was not
computed in this study, and therefore, the gain in accuracy due
to the scaling approach was not indicated. Quental et al. [31]
and [43] have proposed another comprehensive upper-limb

model involving 22 muscles and includes all the func-
tional joints except the wrist joint. The cross-correlation
value computed between the predicted and sEMG value is
0.90, which is reasonably good. However, this model is not
subject-specific and also lacks in detail with only 22 muscles.
Further, the model considers short tendons to be rigid, which
could affect the model’s accuracy. Holzbaur et al. [25] have
proposed a comprehensive musculoskeletal model containing
50 muscle compartments crossing multiple upper-limb joints.
This model predicts muscle force but requires the pattern
of muscle activations as input which could be challenging
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to measure for many deep muscles, as mentioned in the
introduction. However, this model estimates various muscle
parameters over a wide range of postures, and some of these
muscle parameters were used in our study.

The work by Buchanan et al. [44] aligns closely with our
study and uses inverse dynamics to predict muscle forces and
joint moments using the sEMG signal as input. This model
does have a better R2 value of 0.94 with the sEMG, but
this model is driven using the sEMG input to calculate its
parameters and therefore suffers from the same limitation
as the sEMG mentioned earlier. Moreover, our proposed
model has considerably more detail than the model in [44],
where only four muscles were considered when calculating
the parameters, and the remaining muscles were left out of
the model. Further, considering that the sEMG data was the
input and the output of themodel has a higher correlationwith
the sEMG again, there is a possibility of the model overfitting
to the input. Generalizing this model across multiple muscles
could underfit the model leading to a significantly lower R2

value. A lower limb model driven by Functional Electrical
Stimulation (FES) was proposed by Cardona and García
Cena [45], which can estimate the muscle length and moment
arms. However, this model is also driven by the muscle
activation signal, which is nearly similar to the earlier model
driven by sEMG activity input leading to the same limitation
as an sEMG-driven model. Several other models [7] and [46]
were proposed, but they were either sEMG-driven, leading to
similar shortcomings or lack in detail and accuracy. Table 5
compares the proposed model with some of the earlier upper-
limb models.

Compared to earlier existing models or methodologies to
measure/predict muscle activity, the proposedmodel has been
shown to include a larger group of muscles, providing a
much more extensive detail combined with a more accurate
prediction. Additionally, the force-length-velocity relation-
ship and elasticity of the tendon were also considered during
predictions. Apart from accuracy and detail, previouswork on
musculoskeletal models does not distinguish between activity
and contribution of the muscle. In contrast, the proposed
model can provide an overall percentage of contribution as it
can predict the active and passive force of even deeper mus-
cles that could contribute to joint movement and stabilization.
Moreover, many previous studies use a generalized model for
all the subjects, while the proposed model can be adapted
depending on the subject, which could also contribute to
improvement in accuracy.

V. CONCLUSION
The objective of this paper was to present a methodology
to accurately measure the muscle activity and contribution
pertaining to an upper limb movement. The model’s perfor-
mance indicates a statistically significant correlation with the
normalized sEMG data for 8 superficial muscles and better
accuracy and detail than the existing musculoskeletal and
machine learning models. The significance of the study is as
follows: (1). The proposed model can predict the activity of

smaller/ deeper muscles, which is not possible in sEMG and
earlier models; (2). unlike intramuscular EMG, the proposed
model is not invasive; (3). the proposed model is subject-
specific; (4). The prediction accuracy compared to some
earlier models is much higher; (5). the proposed model can
calculate the individual muscle contribution for joint move-
ment and stabilization.

However, there are a few limitations to the model that
should be addressed in the future. Rigid bodies such as
the hand and thorax have been modeled as one segment.
However, biologically, there are 8 smaller rigid segments
that make up the wrist bones which were not modeled sepa-
rately. Further, finger joints (metacarpophalangeal, proximal
interphalangeal, and distal interphalangeal joints) were not
modeled; therefore, the proposed model cannot handle move-
ments associated with finger joints.

Looking at the model’s performance metrics, muscles such
as pectoralis major and teresmajor have a higher RMSE value
and lower correlation value, respectively. The difficulty is to
pinpoint the exact source of the error as it could result from
the model’s prediction error or higher noise in the obtained
sEMG data. One workaround is to use a more accurate
method like intramuscular EMG to validate the predictions,
although it is highly invasive and painful. Understanding the
source of error could enable us to explore other objective
functions or modeling techniques that could provide better
predictions.

In the proposed model, the joints and rigid bodies asso-
ciated with the scapula and the clavicle were modeled. The
movements associated with these rigid bodies were simu-
lated, and the results were provided in the Supplementary
Material. However, this study did not measure kinematic data
pertaining to the scapula and the clavicle bones directly from
the subjects. The reasoning is that while the kinematic data
associated with the humerus, radius, ulna, and hand are easier
to collect using a wireless motion sensor, the kinematic data
associated with the scapula and clavicle bones are much
harder to obtain. Secondly, the upper-limb tremor usually
doesn’t affect rigid bodies and joints associated with the
scapula or the clavicle. Therefore, it would not be essen-
tial to replicate their movements in the model. However,
obtaining kinematic data associated with these rigid bodies
from healthy or tremor subjects could enable us to perform a
more in-depth analysis that might be required for a different
application. Therefore, an extension of this study could focus
on recording the scapula or clavicle movements from the
subjects and using that data to drive the rigid bodies.

Finally, this musculoskeletal model was designed with a
specific application in mind, which is the accurate muscle
selection and dosage determination in targeted intramuscu-
lar injection therapies (e.g., botulinum toxin) for patients
with tremors. The proposed model addresses this application
by providing accurate and detailed predictions of individual
muscle activity and contribution, which is necessary to target
the muscle better and determine the injection dose. However,
this model has not yet been used on any tremor patients,
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and further work is needed to validate the model predictions
for minor rhythmic motions. Therefore, adopting this model
for the application mentioned above and predicting muscle
parameters for tremor patients would be the primary focus
for the immediate future.
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