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Abstract—The Delft Hand and Wrist model is a recently
created musculoskeletal model in the OpenSim environment. The
current model lacks a validation of the thumb muscles. Therefore,
the main goal of this work is to perform a quantitative trend
validation by analyzing the correlation between experimentally
measured muscle activity data and muscle forces estimated by
the model from markerless motion capture data. The original
model is reduced to a minimal model containing only the thumb
muscles. A second model is created by changing optimal muscle
fiber length, maximum isometric force and tendon slack length
parameter values in the minimal model to values reported in
literature to evaluate the effects of these adjustments on the
estimated muscle force. An experiment is conducted in which
participants are instructed to perform repetitive thumb motions
while muscle activity and 2D kinematic data is captured. 3D
kinematics are obtained through the machine learning toolboxes
DeepLabCut and Anipose. Muscle forces are estimated through
inverse dynamic static optimization in OpenSim. The results
showed that the correlation between the estimated muscle forces
and experimentally measured muscle activity data for both the
minimal model and the adjusted model was very low to moderate,
meaning both models yield unrealistic muscle force estimations.
In contrast, the measured muscle activity and kinematic data
show expected results thus are captured correctly, which is useful
for reference in future work.

There is room for improvement of the Delft Hand and Wrist
model. Nevertheless, this work provides suggestions for the opti-
mization of the current model and paves the way towards muscle
force estimation and quantitative validation using experimentally
measured muscle activity data for the Delft Hand and Wrist
model in OpenSim.

Index terms—Inverse Dynamics, Muscle Force Estimation,
Musculoskeletal Model, OpenSim, Static Optimization, Surface
EMG, Thumb Kinematics, Thumb Muscles, Validation

I. INTRODUCTION

The human hand contains 27 bones and over 30 muscles
and is, due to its complexity, a popular research topic in
biomechanics and robotics [1]]. In particular, understanding
human hand dynamics is required to develop and improve
assistive devices, such as orthoses and exoskeletons [2f]. These
assistive devices help with the rehabilitation of hand impair-
ments, for example after stroke [3|], from which annually 15
million people suffer worldwide [4]]. A better understanding of
human hand dynamics is also desired for teaching purposes,
e.g., surgeons in training or anatomy students, or for surgical
planning, such as tendon transfers or joint replacements [J5].

Performing experiments is one way to increase our knowl-
edge regarding human hand functioning. However, understand-
ing human hand functioning just by performing experiments is

*Stan Greveling is with the Department of BioMechanical En-
gineering, Faculty of Mechanical, Maritime and Materials Engi-
neering, Delft University of Technology, The Netherlands (email:
stan.greveling @ gmail.com)

difficult because certain variables, such as generated muscle
forces and muscle moment arms, are hard or impossible to
measure directly during experiments without using invasive
methods [6]]. Muscle forces play a central role in coupling net
joint moments to the underlying neurological control, while
muscle moment arms affect the contribution of a muscle
to the net joint moment [7]]. This makes the muscle forces
and muscle moment arms important variables for analyzing
musculoskeletal behavior. An inverse dynamics approach com-
bined with static optimization is frequently used to estimate
muscle forces [[8]. This approach uses measured kinematics
and external forces to generate net joint moments [9]. In
general, more muscles are crossing a joint than theoretically
required to perform all possible movements of the joint. Static
optimization is performed to solve this load sharing problem,
i.e., the distribution of muscle force to muscles surrounding the
joint according to the minimization of a predefined objective
function in a way that joint equilibrium is satisfied [10]].

The Delft Hand and Wrist model is a musculoskeletal
model available in the OpenSim environment [[11]. OpenSim
is a computer simulation environment that allows for muscu-
loskeletal modelling, inverse dynamic simulation of movement
and static optimization [[12]]. The musculoskeletal model, re-
trieved from Mirakhorlo et al. (2018), is based on anatomical
data of a single cadaver [13]]. The resulting model contains a
total of 43 muscles located in the hand, wrist and forearm and
combined has 23 degrees of freedom at the joints. The muscles
in the Delft Hand and Wrist model are Hill-type muscles
based on the work of Thelen et al. (2003) [[14]. The model
was validated by comparing computed muscle moment arm
values of the index finger to experimental values reported in
literature, as well as comparing computed muscle forces during
a pinch task to measured intraoperative reference forces. The
validation method is valid but incomplete, because it only
covers the index finger. The thumb differs from the other four
fingers regarding bone composition, functional movements and
orientation [15]]. Therefore, the thumb should be validated
separately.

Surface electromyography (SEMG) can be used for the
validation of estimated muscle forces [16]]. While qualitative
comparison of measured muscle activity data to estimated
muscle forces in terms of signal on- and offset exists [[17], [18]],
only few studies focus on quantitative comparison described
by a metric. In this work, an experiment is conducted in
which captured motion data is used to estimate muscle forces
using inverse-dynamics-based static optimization. The results
are quantitatively validated by comparing the estimated muscle
forces to simultaneously measured muscle activity.

The aim of this work is twofold. First; perform a quantitative



validation of the thumb muscles using the Pearson correlation
coefficient. Second; find out the effect of changing muscu-
loskeletal parameters of the thumb muscles in the model to
reference values reported in literature on the estimated muscle
forces, hereby evaluating the sensitivity of the model. To
achieve the goals of this work the following research questions
have to be answered:
(1) Do the estimated muscle forces of the thumb in the Delft
Hand and Wrist model obtained through inverse dynamic static
optimization in OpenSim achieve a high correlation (r>0.6)
towards simultaneously measured muscle activity?
(2) How does changing the values for the maximum isometric
force, tendon slack length and optimal muscle fiber length
for the muscles in the Delft Hand and Wrist model to values
reported in literature affect correlation between estimated
muscle forces and the experimental muscle activity data?
The hypothesis is that a high correlation can be achieved
for the current model, based on the findings in Mirakhorlo et
al. (2018) . Also, a higher correlation is expected when
changing the maximum isometric force, tendon slack length
and optimal muscle fiber length values to values reported in
literature. Ultimately, the goal of this work is to provide a
foundation for future work that aims to make the Delft Hand
and Wrist model available online and open for access to use
for academic purposes.

II. METHODS
Participants

A total of 18 participants participated in this experiment,
of which seven are female and 11 male. Mean + standard
deviation of participant age is 28.14+10.5 years. The partici-
pants that participated do not suffer from a recent hand injury
that could affect their thumb motion. Two participants are left-
handed, but the muscle activity and motion of the right arm
was captured because the hand and wrist model in OpenSim
is a model of the right arm. All participants signed Informed
Consent forms prior to the experiments. The experiment is
approved by the Human Research Ethics Committee of Delft
University of Technology (approval number: 785).

Materials
A. Experimental setup

Thumb motion is recorded using a camera system that
includes six cameras positioned in various angles, known as
MarkerLess Motion Capture (ML-MoCap) [19], see Figure [T}
Muscle activity is measured using the TMSi Porti7 system.
Figure [2| shows the complete experimental setup including the
electrodes of the TMSi Porti7 system attached to the arm of
a participant.

B. Muscle activity

The TMSi Porti7 system uses wired micro-electrodes placed
on the surface of the skin to measure muscle activity of the
smaller muscles located in the hand and forearm. There is not
enough space on the skin around the thumb to allow for bipolar
SEMG electrode placement, so the muscle activity is measured

Fig. 2: Complete experimental setup, including a participant.

unipolar. The potential difference between the micro-electrode
and a ground electrode is recorded and provided to the ampli-
fier. The ground electrode functions as the reference unit and
is placed on the skin directly above the ulnar styloid because
of the absence of muscle activity in this particular location.
The sEMG electrodes are placed on the skin directly above the
bellies of the eight muscles responsible for thumb movement.
Table [AT] in the Appendix displays these muscles and their
characteristics. The muscle bellies are located through manual
palpation according to the guidelines of the SENIAM project
and instruction videos by vhdissector [21]]. The locations
of the muscle bellies are marked and the skin is prepared for
measurement by removing hair, cleaning the skin with alcohol
and applying conductive gel before placing the electrodes.
Figure 3] shows the electrodes attached on the participants arm.
Once the electrodes are placed, a single maximum voluntary
contraction (MVC) measurement is performed for normaliza-
tion of the experimental data. The MVC measurement consists
of performing maximal flexion, extension, abduction, and
adduction of the thumb against manual resistance applied by
the experimenter for three seconds. These movements together
describe all possible movement directions of the thumb.

C. Kinematic data

Motion is captured using a frame rate of 30 Hz. The camera
system sends a trigger signal to the TMSi system at the start
of each trial to synchronize the muscle activity data and the
kinematic data. The following thumb motions are recorded
separately after the MVC measurement:



Fig. 3: The wired SEMG electrodes attached to the right arm
of a participant. Black dots on the thumb indicate marker
locations used for labeling in the DeepLabCut software.

« Flexion/Extension (FE): The participant is requested to
perform full flexion followed by full extension, for 10
repetitions.

o Abduction/Adduction (AA): The participant is requested
to perform full abduction followed by full adduction, for
10 repetitions.

o IP Flexion/Extension (IP): The participant is requested
to perform full flexion of the tip of the thumb followed by
full extension of the tip of the thumb, for 10 repetitions.

o Opposition (OPP): The participant is requested to per-
form opposition of the thumb without moving the other
four fingers, for 10 repetitions.

« Circular motion (Circle): The participant is requested to
perform a circular motion of the thumb, for five clockwise
rotations followed by five counter-clockwise rotations.

The participants are instructed to keep their right arm relaxed
on the table while the back of their hand faces the cameras
at all times. Figure [3] shows this neutral position recorded by
camera 1. The neutral position is the starting position before
each measurement.

D. Calibration

The camera system is calibrated by recording small move-
ments of a ChArUco board with known marker sizes to achieve
conversion from the kinematic data in Anipose from 2D to
3D. The ChArUco board is turned towards each camera and
small rotational and translational movements are executed to
ensure that the board is visible for all cameras. The cameras
are calibrated in Anipose using a method called iterative
bundle adjustment. The method minimizes the reprojection
error, a metric that describes the resemblence of the 3D
projections based on the 2D detections for each camera [22]).
The maximum reprojection error among all calibration files
used in this work is 0.52 pixels, which is below the threshold
of 1 pixel as recommended in Karashchuk et al. (2021) [23].

Delft Hand and Wrist model
A. Minimal model

The original Delft Hand and Wrist model in OpenSim 4.1
is reduced to a minimal version containing only the muscles

controlling the thumb. The reduction of muscles is done
because the Static Optimization tool in OpenSim fails to find

a feasible result when simulating the original model. Bringing
the original model down to the most important components
by selecting only the muscles that control the thumb and
remove the two wrapping surfaces helps to understand and
evaluate this issue. The two wrapping surfaces included in
the original model that are removed were located at the
first interphalangeal joint and first metacarpophalangeal joint.
The muscle part that best suits the origin and insertion as
represented in Table [AT]is selected for the minimal model if
multiple parts of this muscle existed in the original model. An
exception is made for the Adductor Pollicis muscle, for which
two parts are selected because of the muscle’s two heads (one
part for the transverse head and the other for the oblique head).
Figure [4] shows the remaining muscles in the minimal Delft
Hand and Wrist model.

Fig. 4: The minimal Delft Hand and Wrist model in OpenSim.
The model contains bony structures, muscles (indicated by the
thick red lines) and the markerset (indicated by the small pink
spheres). It should be noted that the carpal bones are combined
to form one large bony structure. The top figure shows the
dorsal side of the model. The bottom figure shows the palmar
side of the model.

Wrist motion is limited to 20degrees in all directions,
i.e., flexion, extension, abduction and adduction, because the
participants do not perform any wrist motion during the exper-
iments. Finally, the Extensor Pollicis Longus (EPL) muscle in
the original model has biomechanical properties that prevents
the static optimization to find a feasible solution. Changing the
tendon slack length of the EPL muscle solves this problem,
because changing the tendon slack length of a muscle shifts
where the muscle operates on the force-length curve [24].



The EPL tendon slack length is changed from 21 mm to
90 mm, according to values reported in literature [25]]. The
static optimization now works for the minimal model after
applying these modifications on the original model.

B. Adjusted model

The adjusted model is obtained by changing the tendon
slack length, maximum isometric force, and optimal fiber
length values of the original model to values reported in
Gonzalez et al. (1997) [26]] and Kerkhof et al. (2018) [27].
Table [A2) in the Appendix shows the changes that are made.
The purpose of the adjusted model is to evaluate the effect
of changing these musculoskeletal parameter values on the
estimated muscle force.

Data analysis

The data analysis is completed using the following software:
DeepLabCut [28]], Anipose [29], OpenSim 4.1 [6], [12]], and
MATLAB R2019b.

A. DeepLabCut

The DeepLabCut software is used to develop a trained
model that can identify and label marker positions on the 2D
video recordings. A training dataset is obtained by manually
labeling 720 frames (12 motions, six cameras per motion, 10
frames for each camera). Six marker points are labeled for
each frame; thumb tip (TIP), first interphalangeal joint (IP1),
first metacarpophalangeal joint (MCP1), first carpometacarpal
joint (CMC1), radial styloid (RS), and the ground electrode
representing the sixth marker, ulnar styloid (US). The marker
points can be identified in the video recordings because they
are marked on the hand of the participant using a black
pencil before the start of the first recording. Figure [3] shows
a snapshot taken from an arbitrary selected video recording
in which the marker points can be recognized. After labeling,
the training dataset is used to train the network for 200.000
iterations. The test and train errors were respectively 1.7
and 3.5 pixels. Figure [5] shows the results retrieved through
applying the trained model on a new set of video recordings.
The trained model is then used to create 2D labeled marker
positions for all motions of all participants. The results are
combined with the raw video recordings to create labeled
videos. All labeled videos are inspected to verify if the
recorded motion was tracked correctly.

B. Anipose

The 2D marker positions obtained from DeepLabCut and
the calibration results are converted to a single file containing
3D marker positions using triangulation in Anipose. It is
preferred to include as many cameras as possible in the trian-
gulation process to increase its accuracy. A camera is excluded
from the dataset when a marker is incorrectly tracked for
more than five sequential frames. The recording is determined
erroneous when more than three cameras are excluded from
the dataset. All excluded trials are displayed in Table [A3] in
the Appendix.

Fig. 5: The trained model is able to identify and label the
marker positions on a new set of video recordings. The
markers are indicated by the small colored dots. The solid
black line is an imaginary skeleton for visual purposes only.

Configuration parameters for the triangulation in Anipose are
a combination of default values and values retrieved from Van
den Bogaart et al. (2021) [30]l, see Table [A4]in the Appendix.
The 3D position data resulting from the triangulation process
is stored in a .csv file. This file is converted to a .trc
storage file using MATLAB.

C. OpenSim

The OpenSim framework is used for the inverse dynamic
analysis, i.e., the transformation from position data (the .trc
file from MATLAB) to muscle forces estimated through static
optimization. First, the model is scaled to match the kinematic
data with the marker data using the OpenSim Scale tool. A
static pose is created by taking the average of the marker
positions in the first 0.1 seconds of the measurement data,
when the hand is in the instructed neutral position. Marker
pairs are created to define the bones between the markers,
forming a 3D skeleton. Scale factors are computed by the Scale
tool through measurement-based scaling using the marker
pairs. For the inverse dynamics, the coordinates are filtered
using a low-pass filter with a cut-off frequency of 5Hz to
remove high frequency noise [31]].

The Static Optimization tool in OpenSim uses the minimum
sum of the squared muscle activations as the cost function.
The static optimization has the filtered results of the inverse
kinematics as input. The output of the static optimization is a
file containing the estimated muscle forces.

Thumb muscle moment arms computed in OpenSim are
compared to simulated muscle moment arm values in Engel-
hardt et al. (2020) to find out if the moment arms in the Delft
Hand and Wrist model correspond to moment arm values in
a published hand model [32f]. The hand model in Engelhardt
et al. (2020) is created using the AnyBody Modelling System
(AMS) platform.
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Fig. 6: Examples of joint angles and defined boundaries. The blue line indicates the joint angle, the dashed red lines indicate
the boundary values reported in literature, the thick red lines indicate the exclusion boundaries and the thin black line indicates
the transfer from abduction (negative) to adduction (positive) or from extension (negative) to flexion (positive). (a) CMCl1
extension-flexion angle for Circle motion of participant 5. (b) CMC1 abduction-adduction angle for AA motion of participant
16. (c) MCP1 extension-flexion angle for OPP motion of participant 1. (d) IP1 extension-flexion angle for IP motion of

participant 14.

D. MATLAB
Kinematic data

Joint angles resulting from the inverse kinematics are ver-
ified by checking if the values are within feasible range
of motion bounds reported in literature. Trials are excluded
if two or more joint angles showed results that fell 15 or
more degrees outside of the defined feasible boundaries (see
Table[A3). Feasible boundary values are the following: CMC1
abduction-adduction [20:20 degrees] [33], CMC1 extension-
flexion [20:25 degrees] [34]], MCP1 extension-flexion [35:77
degrees] [35]], and IP1 flexion-extension [12:88 degrees] [36].
Figure [6] shows joint angles for arbitrary selected participants
and the defined boundaries.

The kinematic data is used to divide the signal into separate
trials in a way that each trial contains a complete cycle of the
motion of interest. Trials are defined by the most relevant joint
angle for each motion; the IP1 angle is used for the IP motion,
the MCP1 angle is used for the FE and the OPP motions, the
CMCI1 extension-flexion angle is used for the Circle motion,
and the CMC1 abduction-adduction angle is used for the AA
motion. Figure [7a]shows the trial selection based on the CMC1
abduction-adduction angle of participant 16. The individual
trials are plotted together in the same figure and trials that
show visible outliers are removed. Trial 1 is excluded from
the measurement, because the extension peak exceeds the
defined exclusion boundary. Trial 10 is also excluded from
the measurement, because there is no evident repetition of the



AA motion visibly present in this trial. Figure shows the
remaining trials for the AA motion of participant 16.

Muscle activity data

Individual muscle activity signals are extracted from the
TMS:i files and filtered using a fourth-order band-pass But-
terworth filter (cut-off frequencies = 5 & 500Hz) as recom-
mended in literature [37]], [38]]. A linear envelope of each sig-
nal is created by rectifying using the absolute value of the fil-
tered signal and applying a second-order low-pass Butterworth
filter (cut-off frequency = 5 Hz) [38]]. The MVC measurement
is filtered using the same settings. The normalization of the
signals is performed by dividing each sSEMG signal by the
maximum value found in the single MVC recording.

Validation

There are multiple methods to validate multibody mus-
culoskeletal models [39]. The Delft Shoulder and Elbow
Model was first validated by comparing the estimated muscle
force-time curves to experimentally measured EMG signals,
according to the method in van der Helm (1994) [40]. This
method is a qualitative validation method, because the muscle
force curves and EMG signals are compared and evaluated
in terms of agreement to one another [41f]. Quantitative
validation expresses the correlation between two signals, so
this type of validation uses numerical metrics. Quantitative
validation in case of the Delft Shoulder and Elbow Model
was performed using an instrumented shoulder endoprosthesis
[42]. The endoprosthesis is able to measure the sum of
frictional moments and contact forces in the glenohumoral
joint, which was compared to the estimated forces in this
joint by the model [43]]. Unfortunately, no thumb muscle force
data measured using an instrumented thumb endoprosthesis is
currently available. Therefore, an other quantitative validation
method is required. Zuk et al. (2018) state that SEMG can
be used for the validation of estimated muscle forces with
a so-called quantitative trend validation method [16]. The
quantitative validation metrics in their study are based on
the electromechanical delay offset and the Pearson correlation
coefficient. The trend validation method by Zuk et al. (2018) is
used in this work. The electromechanical delay is embedded in
OpenSim through the activation time constant of 15 ms, which
is within the reported range of 10-100ms [7]. The Pearson
correlation coefficients for the muscle activity and estimated
muscle forces from the minimal model and the adjusted model
are calculated and compared using MATLAB.

III. RESULTS
Muscle moment arms

Muscle moment arms indicate the correctness of kinematics
[32]]. The muscle moment arms of the Delft Hand and Wrist
model are computed by OpenSim based on the incorporated
biomechanics. Figure [§] shows the calculated muscle moment
arms of the EPB, EPL, FPB and FPL muscles in the adjusted
model from maximal extension to maximal flexion around
the CMC1 joint. The muscle moment arm values for the
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Fig. 7: (a) The locations of the cutting points based on the
CMCI1 abduction-adduction joint angle for the AA motion
performed by participant 16. The red circles indicate the
cutting point locations, the blue line indicates the joint angle,
the dashed red lines indicate the boundary values reported in
literature, the thick red lines indicate the exclusion boundaries
and the thin black line indicates the transfer from abduction
(negative) to adduction (positive). (b) The eight trials remain-
ing after exclusion showing the CMCI1 abduction-adduction
angle for the AA motion of participant 16 versus % of the
motion.

Delft Hand and Wrist model in Figure [§] do not show the
clear distinction between thumb flexor and extensor muscles
that is visible for the simulated muscle moment arm values
from the AnyBody model [32]]. Furthermore, the reported
muscle moment arm value for the EPB muscle shows almost a
constant value, while the muscle moment arm in the OpenSim
model shows an increase for the EPB muscle. More muscle
moment arm values of the Delft Hand and Wrist model
compared to reported values from the AnyBody model are
included in the Appendix (Figures [AT] to [A3).
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Muscle activity

Figure [9] shows an example of the filtered muscle activity
signals of the eight thumb muscles normalized to the maximal
values found in the MVC measurement. The 10 repetitions
are distinguished by counting the peaks in the figure. The
individual trials of the sEMG signals obtained through sep-
aration based on joint angle are included in Figure in the
Appendix. Figure [I0] shows the calculated mean and standard
deviation of the SEMG trials for each thumb muscle.

Muscle forces

The muscle forces are normalized by dividing the esti-
mated muscle forces by the maximum isometric force values
displayed in Table in the Appendix. Figure shows
the resulting normalized muscle force estimations for the
AA motion of participant 16 for the adjusted model. The
individual trials of the muscle force estimations obtained
through separation based on joint angle are included in Figure
[A5]in the Appendix. Figure [I2]shows the calculated mean and
standard deviation of the estimated muscle force trials for each
thumb muscle in the adjusted model.

Validation

Table [ shows the mean and standard deviation taken
from the Pearson correlation coefficient values for the eight
thumb muscles per participant that performed the AA motion
successfully. The majority of the mean correlation coefficient
values for the adjusted model are higher than the mean
correlation coefficient values for the minimal model. Still,
there is no significant difference. The scale of the Pearson
correlation coefficient is defined as follows: 0<r<0.19 = very
low correlation, 0.2<r<0.39 = low correlation, 0.4<r<0.59

= moderate correlation, 0.6<r<0.79 = high correlation, and
0.8<r<1.0 = very high correlation [44]]. This means that three
out of the 22 measurements of the AA motion could be
classified as moderate correlation’ and 19 measurements are
classified as either ’low correlation’ or ’very low correlation’.

IV. DISCUSSION

In this work a quantitative validation of the thumb muscles
in the Delft Hand and Wrist model in OpenSim is performed.
Even though the estimated muscle forces of both the min-
imal and the adjusted model showed very low to moderate
correlation to measured muscle activity data, this work offers
potential for future studies on the Delft Hand and Wrist model
by providing suggestions and reference data.

Muscle activity

Overall, the measured SEMG signals show a clear repetitive
pattern in which the 10 trials are distinguished. The muscle
activity in the first half of the AA motion (thumb abduction)
in Figure |10] shows a peak in the thumb muscles responsible
for thumb abduction (APB and APL muscles). The muscle
responsible for thumb adduction (ADD muscle) shows a peak
during the second half of the motion (thumb adduction).
This means that the measured muscle activity corresponds to
the activity that is expected when performing the instructed
motion. Therefore, the data shows that the muscle activity was
measured correctly.

Estimated muscle forces

At least the static optimization returned estimations of mus-
cle forces for both the minimal and the adjusted model, where
it was unable to find a feasible solution for the original model.
However, the estimated muscle forces show less consistent
peaks in Figure in contrast to the clear peaks of the
measured muscle activity for the same motion performed by
the same participant. This means that the Static Optimization
tool in OpenSim is inconsistent in allocating the force to the
thumb muscles, because the kinematics are consistent.

A critical comment that should be made with regards to the
Static Optimization tool in OpenSim is about the objective
function that is used. For the objective function the mini-
mization of the squared sum of muscle activations was used.
This type of cost function is classified as a ’fatigue’-like cost
function, because muscle fatigue is related to the percentage of
active muscle fibers [45]. Fatigue-like cost functions minimize
muscle fatigue as much as possible and are less associated with
muscle volume [46], i.e., smaller muscles that can generate
relatively more force are in favor of being selected for muscle
force generation.

In Figure the APL muscle produces relatively more
muscle force when compared to the other muscles in this
figure. The explanation for this is that the APL muscle has
an advantageous combination of tendon slack length, optimal
muscle fiber length and maximum isometric force parameter
values with respect to the other thumb muscles, see Table
The APL muscle in the adjusted model can produce the
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TABLE I: Mean Pearson correlation coefficient values (r) &+ standard deviation for the AA motion.

Participant number

Minimal model (u+tsd)

Adjusted model (p£sd)

1 0.28+0.18 0.13£0.09
4 0.22+0.16 0.43+0.14
5 0.20£0.15 0.29+0.15
6 0.23+0.24 0.29+0.21
7 0.191+0.14 0.19+0.10
8 0.26£0.16 0.24+0.19
10 0.26+0.11 0.17+£0.18
13 0.14+0.13 0.21£0.09
15 0.2540.11 0.30+0.26
16 0.424+0.22 0.45+0.16
18 0.38+0.15 0.25+0.22
Mean=sd 0.26+0.16 0.27+0.16

The first column contains the participant numbers of the participants that are included in the AA motion data analysis. The second column contains the
mean Pearson correlation coefficient that expresses the correlation between the measured muscle activity and the estimated muscle forces of the minimal
model. The third column shows the mean Pearson correlation coefficient that expresses the correlation between the measured muscle activity and the
estimated muscle forces of the adjusted model.

same amount of force as the EPB and EPL muscle combined;
58 N versus 14N and 44 N respectively. In addition, the APL
optimal fiber length is only 5.8 mm. Therefore, it is assumed
that the static optimization allocates muscle force to the APL
muscle that should be allocated to the EPL muscle, hence the
EPL muscle is granted no force in all the simulations.

Many more objective functions exist and no consensus is
reached which objective function yield the most valid results
[8]]. Future research could study different objective functions in
the static optimization using this model. Especially an energy-
based cost function could provide promising results, because
an energy-based cost function produced more realistic muscle
activation predictions compared to a cost function based on
the minimization of muscle forces [47].

Altogether, this work provides a basis for inverse dynamic
muscle force estimation for the Delft Hand and Wrist model
in OpenSim.

Muscle moment arms

Muscle moment arms influence the force distribution during
static optimization [48]]. The muscle moment arms in the Delft
Hand and Wrist model do not show a clear difference between
the flexor and extensor muscle moment arms when compared
to simulated results using the AnyBody model (see Figure
BI). Moreover, the muscle moment arm of the EPL muscle
in the Delft Hand and Wrist model has a positive value from
maximal extension to maximal flexion around the CMC1 joint
in Figure (8} This means the EPL muscle in the Delft Hand
and Wrist model is unable to perform extension around the
CMC1 joint, which explains the absence of EPL muscle force
in the estimations shown in Figure [IT]

It is important that the muscle moment arms match reference
values, which means there should be a more clear distinction
between the thumb flexor and extensor muscle moment arms
for the current Delft Hand and Wrist model and a negative
value for the muscle moment arm of the EPL muscle. Adding
wrapping surfaces or via points (points along the muscle path)
to the model can alter muscle paths and hereby aid to match
the muscle moment arm values of the model to the values
reported in literature [5].

It is suggested to compare the muscle moment arms of
the musculoskeletal model to reference values reported in
literature prior to performing experiments. This suggestion is
based on the fact that the muscle moment arms provide an
indication for the correctness of the kinematics and play an
important role during static optimization.

Validation

The estimated muscle forces by the model are compared
to simultaneously measured muscle activity data in order
to validate whether the model accurately represents reality.
Validation was based on the AA motion in this work because
11 measurements were included for this motion, which was
the most available data compared to other motions (see Table
[A3). For the AA motion the estimated muscle forces for
both the minimal and the adjusted model shows very low
to moderate correlation to the measured muscle activity data.
This means the estimated muscle forces are not likely to be
realistic estimations. The main explanation for this is that
muscle force is granted to the wrong muscles during the
static optimization in OpenSim. This can be overcome by (1)
changing the objective function that is minimized in the static
optimization, (2) altering the muscle moment arms to match
muscle moment arms reported in literature or (3) by tuning
the optimal fiber length, maximum isometric force and tendon
slack length parameter values of the thumb muscles. The goal
of the third option is to create a more advantageous position
towards generation of muscle force for the thumb muscles
that produce currently not enough force or no force at all. It
is expected that the quantitative trend validation method used
in this work results in higher correlation coefficient values
if a better muscle force allocation is performed during static
optimization.

In the paper by Melzner et al. (2022) the researchers used
Cohen’s kappa as a metric to describe the time difference of
on- and offset points between measured and estimated muscle
activity [49]. No arguments are made regarding the timing
of muscle on- and off-set in this work, because the averaged
muscle force estimations in Figure [I2] do not show clear on-
and offset points for the thumb muscles. Cohen’s kappa is an
interesting validation metric for when the thumb muscles show



clear on- and offset points after static optimization in future
work.

This research pioneers the validation of the thumb muscles
in the Delft Hand and Wrist model by setting a benchmark
for future research. The current correlation coefficients show
there is much to be gained and future studies should aim to
improve the correlation between experimental muscle activity
data and estimated muscle forces in the Delft Hand and Wrist
model.

Kinematics

This work uses 3D kinematics as a result of markerless
motion capture integrated with DeepLabCut and Anipose as
the input for an inverse dynamics simulation. Table shows
that 33 out of 44 measurements that were imported from
Anipose to OpenSim resulted in feasible kinematics because
the data falls within the defined joint angle boundaries. This
means that overall the kinematics are captured well, especially
considering that the model does not include any constraints on
the joint angles apart from the wrist motion. It is expected
that even more measurements will become available once
the dataset is increased by improving the trained model in
DeepLabCut, i.e., decrease the difference between the test
and train error when evaluating the trained model. All in all
the ML-MoCap approach combined with the DeepLabCut and
Anipose machine learning toolboxes presented in this work
offers an alternative to conventional motion capture methods
such as Kinect and Vicon Motion Capture [50].

Assumptions

Firstly, modeling assumptions were made in OpenSim. It is
assumed that the selected muscles during the reduction of the
original model are able to describe thumb motion accurately.
This assumption is based on the origin and insertion of the
selected muscles with regards to their function, see Table @}

Another assumption is that the participants kept a constant
velocity when performing the specific thumb motions. This
assumption is important because of the signal cutting process.
The individual trials are distinguished in a way that an entire
revolution of the back and forth motion is described in
percentage from 0% to 100%. This means that the velocity has
to be constant for each trial in order to allow for comparison
between each other and between trials of other participants.
Using a rhythmic device, such as a metronome, in order to
ensure constant velocity during the experiment would be a
suggestion for future research. The joint angle curves in Figure
were used to verify if the participants were able to keep
a constant velocity during the experiments. This visualization
method offers a good alternative when a rhythmic device is
unavailable.

Measuring muscle activity of the muscles in the hand or
forearm is challenging, because the hand muscles are small
and packed close together. The latter means that the micro-
electrodes were located near each other, which leads to EMG
signal contamination, otherwise referred to as crosstalk [S1].
Other difficulties include the palpation of muscles located
deeper within the palm of the hand and the fact that two out
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of the 18 participants experienced sweaty hands. This resulted
in the micro-electrodes located on the intrinsic thumb muscle
bellies not sticking to the palms of the participant, so they
were put back into the correct position using elastic tape. It
is assumed that the slight dangling of the wires of the eight
micro-electrodes during the thumb motion does not produce
noticeable additional noise. The dangling of the wires was
reduced by taping the wires together in two groups of four.

Limitations

The main limitation of this work is the small sample size
due to the amount of data that was excluded (see Appendix
[A3). Suggestions are provided on how to exclude less data.
First, the cameras need a clear view of the segment that is
being recorded in order for the DeepLabCut software to be
able to track the motion. This means that irrelevant body parts
should be kept off screen completely and that the motion of
interest is performed in the direction that the cameras can
see clearly. One recurring problem in the data analysis was
that the DeepLabCut software tracked the wrong finger when
marker points of the thumb moved out of sight of the cameras.
The Anipose software could not recognise the incorrect marker
tracking if it continued for multiple frames, which meant the
data had to be excluded in that scenario. 10 trials per thumb
motion seems enough repetitions. However, the trials were
all within the same measurement. This means that all trials
were eliminated if the measurement was excluded. Therefore,
it is suggested to make multiple measurements of the same
motion while each measurement contains multiple trials. It
is assumed that a total of 18 participants is sufficient to
provide enough results, based on equivalent studies [23], [49].
It should be mentioned that the dataset used in this study
can be increased, i.e., data that is excluded in Table [AJ] can
be saved. This applies to data that was excluded because of
the DeepLabCut/Anipose marker misplacement, which can be
fixed by manually labeling the videos or by improving the
training model. It is decided to exclude the data in this work
due to time restrictions, but future work could increase the
dataset to have more data available for quantitative validation
using SEMG.

Further limitations were mainly identified during the data
analysis. For instead, the mass used in the Scale tool in
OpenSim was 0.35384kg by default. This number is low,
especially since literature estimates the mean total hand plus
forearm mass to be 1.55kg [52]]. An estimate of the total hand
plus forearm mass for each participant could be computed
based on percentage of total body mass [53], but no body
mass data was measured for the participants in this experiment.
However, it is assumed that the hand plus forearm mass
difference between the Delft Hand and Wrist model and values
reported in literature has a negligible effect on the results of the
experiments in this work due to the fact that the experiments
focused only on the thumb, which has a small contribution to
the total hand plus forearm mass.

A different limitation arose from the fact that no markers
were placed on the proximal ends of the ulna and radius. The
lengths of the ulna and radius bones could not be scaled in



the Scale tool of OpenSim because of the absence of these
markers, which could have affected the origin locations of the
extrinsic thumb muscles. The insertions of the extrinsic thumb
muscles are not affected by the scaling of the ulna and radius
bones.

In the paper by Mirakhorlo et al. (2018) the authors discuss
that the simplification of the wrist kinematics by combining
the carpal bones to one single bony structure is a limitation of
the model [[11]. This simplification can influence the prediction
of muscle moment arms around the wrist.

The model is not optimal yet. Nevertheless, the findings in
this work are useful for the optimization of the current model
and a promising approach for muscle force estimation and
quantitative validation of the Delft Hand and Wrist model in
OpenSim is presented.

Future work

A different approach to estimate the muscle forces is
through the forward-dynamics time-dependent dynamic opti-
mization to estimate muscle forces [[18]. The inverse dynamics
approach was used because of the additional computation
time accompanied with the dynamic optimization approach.
However, differences in estimated muscle forces of the upper
extremity were found between the two approaches [54].

The Computed Muscle Control (CMC) approach is an alter-
native forward dynamics approach that tracks the experimental
motion and computes the corresponding muscle excitations,
while keeping the computational cost low [14]. The muscle
forces can be predicted using the calculated muscle excitations
as an input for a forward dynamic simulation. The CMC
approach has an advantage over the dynamical optimization
approach because it requires a single integration of the state
equations, while the dynamic optimization approach requires
thousands [[55]]. Future work should estimate the muscle forces
using the CMC tool in OpenSim to find out if this results
in different muscle force estimations compared to the results
retrieved through static optimization.

To conclude, future work should aim to make the estimated
thumb muscle forces more realistic by altering muscle moment
arms, selecting a different objective function for the static
optimization and/or tuning the optimal muscle fiber length,
maximum isometric force and tendon slack length parameter
values. This work provides recommendations regarding thumb
muscle force estimation using inverse dynamic static optimiza-
tion for future studies on the Delft Hand and Wrist model.

V. CONCLUSION

The current work presents a quantitative trend validation of
the thumb muscles in a musculoskeletal hand model through
comparing estimated muscle forces resulting from markerless
motion capture to measured muscle activity data.

The quantitative trend validation based on the Pearson
correlation coefficient was performed on the thumb muscles
in the Delft Hand and Wrist model, because this model lacked
a validation for the thumb muscles. The achieved correlation
between the estimated muscle forces and experimentally mea-
sured muscle activity data for both the minimal model and the
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adjusted model was very low to moderate, meaning that the
estimated muscle forces are unrealistic. Nevertheless, a basis
is created for the validation of the thumb muscles in the Delft
Hand and Wrist model.

The correlation coefficient values for the adjusted model
were slightly higher, but not significant. Therefore, the model
is insensitive to changing the maximum isometric force, ten-
don slack length and optimal muscle fiber length values to
values reported in literature.

The ultimate goal is to make the Delft Hand and Wrist
model more representative of reality and to make the model
available online for answering upcoming research questions.
The next step towards achieving this goal is to alter the thumb
muscle moment arms to accomplish a better match with thumb
muscle moment arm values reported in literature. Then the
dataset of this study should be extended by fixing previously
excluded data through manually labeling the recordings. The
muscle forces are estimated again and quantitative validation
is performed using the experimental muscle activity data from
this experiment. The minimal model is expanded by including
the removed muscles from the original Delft Hand and Wrist
model if the estimated muscle forces show a high correlation
to the measured muscle activity data. This work offers a basis
for future muscle force estimation using the Delft Hand and
Wrist model, as well as an extensive dataset that can be used
for simulations and validation.
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APPENDIX
TABLES

TABLE A1l: Thumb muscle characteristics.

Muscle Origin Insertion Function
Flexor Pollicis Longus (FPL) Halfway anterior surface radius and Base of distal phalanx Flexion thumb
interosseous membrane
Flexor Pollicis Brevis (FPB) Trapezium and flexor retinaculum Proximal phalanx 1 Flexion thumb at
MCP1 joint
Extensor Pollicis Longus (EPL) Halway posterior surface ulna and Distal phalanx 1 Extension thumb
interosseous membrane
Extensor Pollicis Brevis (EPB) Radius and interosseous membrane Proximal phalanx thumb Extension thumb at
MCP1 joint
Abductor Pollicis Longus (APL) Ulna, radius and interosseous Metacarpal 1 Abduction and
membrane extension thumb
Abductor Pollicis Brevis (APB) Transverse carpal ligament, scaphoid Base of proximal phalanx 1 Abduction thumb at
and trapezium bones CMCI and MCP1 joint
Adductor Pollicis (ADD) Basis and anterior side metacarpal 3, Base of PP1 and ulnar sesamoid Adduction thumb at
basis of metacarpal 2 and trapezoid CMC1 joint
and capitate bones
Opponens Pollicis (OPP) Trapezium and transverse carpal Radial side of metacarpal 1 Opposition thumb
ligament

Table containing the eight muscles responsible for thumb motion and their origin, insertion and function. The anatomical information was retrieved from:
Sobotta deel 1 [56].

TABLE A2: Minimal and adjusted model parameter values.

Opt. Fiber length (mm) Max. Iso Force (N) Tendon slack length (mm)

Muscles  Minimal Adjusted Minimal  Adjusted  Minimal Adjusted
APB 3 5 9.7 9.7 2.5 2.5
APL 5.1 58 16.65 58 106 106

ADDo 15 30.7 19.4 19.4 20 24

ADDt 20 40.8 8 8 25 1
EPB 50 68 13.5 14 110 110
EPL 44 54 159 44 90 90
FPB 20 56 5 5 20 15
FPL 55 55 56 62 140 140
OPP 20 30 7.65 7.65 9.9 1

Optimal fiber length, maximal isometric force and tendon slack length values for the minimal model and the adjusted model. Changes for the adjusted
model relative to the minimal model are shown in bold.



TABLE A3: All measurement data.

Participant FE TIP FE AA OPP  Circle
1 X(A) [¢) [e) [¢) X(M)
2 X(A) X(A) X(A)  X(A) X(B)
3 X(A) (6] XA)  X@A) XA
4 X(B) X(A) (0} X(A) X(A)
5 X(B) (¢} (0} (¢} o
6 X(B) (6] (6] X(B) (6]
7 X(A) X(A) (0} X(A) (0}
8 X(A) X(B) (0} X(A) X(B)
9 X(A) X(B) XB) X(A) o
10 (6} (6} (0} X(A) (0}
11 X(A) X(A) XA)  X@A) (6]
12 (6] X(M) X(M) (6] (6]
13 X(B) (¢} (0} XM)  XM)
14 X(A) (6] XA)  X(@A) (6]
15 X(A) X(A) (0} X(A) X(A)
16 X(A) X(A) (0} X(A) (0}
17 X(B) X(A) XM) X(A) X(A)
18 X(A) X(A) (o) X(A) O
Total included 2 7 11 3 10

16

Included data marked with O, excluded data marked with X. Within brackets the reason for exclusion is indicated: (A) = Anipose placed markers on wrong

location. (B) = Kinematic data is out of feasible bounds. (M) = Missing data.

TABLE A4: Configuration parameters for the triangulation in Anipose.

3D filter parameter Value
score_threshold 0.8
reproj_error_threshold 2
scale_length 10
scale_length_weak 2
scale_smooth 25
n_deriv_smooth 2

Parameters were a combination of default values and values retrieved from Van den Bogaart et al. (2021) [30]]. Reprojection error threshold has pixels as
unit, the other parameters are dimensionless.
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FIGURES
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Fig. Al: Muscle moment arms of the FPL, FPB, EPL and EPB muscles from maximal adduction to maximal abduction around
the CMCI joint for the adjusted model are represented by solid lines (OS = OpenSim model). Dashed lines represent the
simulated results by Engelhardt et al. (2020) (AB = AnyBody model).
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Fig. A2: Muscle moment arms of the APL, APB, ADDt and ADDo muscles from maximal adduction to maximal abduction
around the CMCI1 joint for the adjusted model are represented by solid lines (OS = OpenSim model). Dashed lines represent
the simulated results by Engelhardt et al. (2020) [32]] (AB = AnyBody model).
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Fig. A3: Muscle moment arms of the FPL, FPB, EPL and EPB muscles from maximal extension to maximal flexion around
the MCP1 joint for the adjusted model are represented by solid lines (OS = OpenSim model). Dashed lines represent the

simulated results by Engelhardt et al. (2020) (AB = AnyBody model).
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Fig. A4: Individual sEMG trials for the thumb muscles for the AA motion performed by participant 16. A total of two trials

were removed because they did not provide a clear trajectory of the motion.
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Fig. A5: Individual muscle force estimation trials for the thumb muscles in the adjusted model for the AA motion performed
by participant 16. A total of two trials were removed because they did not provide a clear trajectory of the motion.
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