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Abstract— Many activities of daily living require a high level of 
neuromuscular coordination and balance control to avoid falls. 
Complex musculoskeletal models paired with detailed 
neuromuscular simulations complement experimental studies and 
uncover principles of coordinated and uncoordinated movements. 
Here, we created a closed-loop forward dynamic simulation 
framework that utilizes a detailed musculoskeletal model (19 
degrees of freedom, and 92 Muscles) to synthesize human balance 
responses after support-surface perturbation. In addition, 
surrogate response models of task-level experimental kinematics 
from two healthy subjects were provided as inputs to our closed-
loop simulations to inform the design of the task-level controller. 
The predicted muscle EMGs and the resulting synthesized subject 
joint angles showed good conformity with the average of 
experimental trials. The simulated whole-body center of mass 
displacements, generated from a single kinematics trial per 
perturbation direction, were on average, within 7 mm (anterior 
perturbations) and 13 mm (posterior perturbations) of 
experimental displacements. Our results confirmed how a 
complex subject-specific movement can be reconstructed by 
sequencing and prioritizing multiple task-level commands to 
achieve desired movements.  By combining the multidisciplinary 
approaches of robotics and biomechanics, the platform 
demonstrated here offers great potential for studying human 
movement control and subject-specific outcome prediction. 
 
Index Terms—Forward Dynamics Simulations, Neuromuscular 
Control, Task-level Controller, Surrogate Surfaces, Static 
Optimization, Predictive Balance Recovery Simulations, 
Musculoskeletal Modeling 
 

I. INTRODUCTION 
OW appropriate neural commands are selected to achieve 
a movement task in humans is an open question. Many 

activities of daily living such as standing, walking, and running 
are intrinsically unstable and require a high degree of 
neuromuscular coordination and balance control to avoid falls. 
Control of balance is even more challenging when the balance 
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is impaired as a result of neurological or musculoskeletal 
disorders. Such conditions have drastic effects on the quality of 
life of patients and impose a great cost on the United States 
economy [1]. Experimental gait and balance biomechanics and 
motor control research have identified many aspects of 
individual and environmental risk factors for loss of balance 
and falls [2]–[4]; however, the number of fall events continues 
to rise each year [5], which provides significant rationale for the 
continued study of balance control. Predictive dynamic 
simulations with neuromuscular models can complement 
experiments and help uncover principles of human balance 
control by incorporating sensorimotor feedback that is 
otherwise absent in traditional musculoskeletal modeling 
approaches [6]–[9]. These simulations can provide access to 
different parts of the model as well as the input control signals 
and the output motion to enable studying human movement 
under different neurological and musculoskeletal conditions.  
However, performing such simulations has proven to be 
challenging as they require detailed anatomical musculoskeletal 
models and complex neuromuscular controllers in order to 
synthesize individual human limb movement.  

Many biomechanical studies have used inverse kinematics 
and inverse dynamics approaches to study how differences 
observed in experimental joint angles, joint torques, and muscle 
activations can elucidate the clinical or biomechanical 
questions of human locomotion [10], [11]. The inverse method 
is however not sufficient for predicting new movements where 
the experimental recording is not available or when either the 
model or the neural control strategy changes during the 
experiment. The forward dynamics approach, on the other hand, 
can be used to predict a new movement by enabling changes to 
the input joint torques, muscle activations, or the 
musculoskeletal model itself through a feedback signal. There 
are many studies that utilized forward dynamics simulation to 
study human balance control using simplified biomechanical 
models [12]–[16]. Complex musculoskeletal models are 
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essential to understand the underlying neural strategies of 
balance control obtained from previous studies and how those 
results scale to the multi-body human model.  

Complex musculoskeletal models also demand more 
advanced controllers. There has been significant progress in the 
field of robotics to develop complex feedback controllers that 
emulate human movement in humanoid robots [17]–[20]. 
Others have looked at utilizing bio-inspired controllers such as 
a spinal level stretch-reflex controller [21], [22] or at the 
supraspinal level [23], [24] to re-create human movements. 
Insights from both fields of robotics and neuroscience have also 
inspired biomechanics researchers to apply control 
methodologies and optimization to biomechanical models [20], 
[25], [26]. Similarly, studies have looked at how changing the 
musculoskeletal model parameters can affect the output of an 
intervention [27], [28] or a surgical procedure [29], [30]. These 
studies can benefit from integrating complex feedback 
controllers with complex neuromuscular models and 
experimental biomechanical data to simulate predictive human 
movements. Detailed musculoskeletal models alongside the 
neuromuscular control signals will allow “what if” studies to be 
formulated by changing not only the model parameters for 
individual subjects but also allows neural control strategies in 
both healthy and clinical populations.  

 
In this paper, we integrated task-level control methodologies 

inspired from the robotics field with complex neuromuscular 
models and subject-specific biomechanical data from the 
biomechanics field in an open-source forward dynamics 
simulation platform (OpenSim/MATLAB platform) [31]. We 
created a closed-loop forward dynamic simulation framework 
that utilizes a detailed musculoskeletal model with 19 degrees 
of freedom and 92 muscles to synthesize two healthy subjects’ 
balance responses after support-surface perturbation.  Surrogate 
models of the two subjects’ kinematics were used as a reference 
to the task-level controller to generate a subject-specific 
simulation. Single-leg balance recovery responses of the two 
subjects were synthesized by prioritizing three task-level 
commands. By integrating task-level control, complex 
musculoskeletal models, and experimental biomechanical data, 
the simulation platform discussed here provides an essential 
tool for generating predictive simulations of human movement. 

II. METHODS 
Details of the closed-loop neuromuscular forward dynamics 

simulation platform (Fig. 1) that was used to synthesize subject-
specific balance responses to support-surface perturbations are 
summarized in the following sections. 

 

A. Musculoskeletal model and simulation 

A three-dimensional (3D) musculoskeletal model with 92 
muscle-tendon actuators and 19 degrees of freedom (DoF) was 
constructed in OpenSim v3.0 (Fig. 1, bottom right). The 
musculoskeletal model consisted of 10 body segments. The 
subtalar, ankle, and knee joints were modeled as one DoF 
revolute joints while hip and lumbar joints were modeled as 3 

DoF ball joints. The pelvis body (free-floating base) was 
connected to the ground using 3 translational and 3 rotational 
DoFs. The foot-ground interactions were modeled using five 
Hunt-Crossley contact spheres on each foot and a half space on 
the support surface [32]. The stiffness and dissipation values 
were chosen based on material properties of skin surrounding 
the foot and steel for the force plates on the support surface [32]. 

The forward dynamics simulations were generated using our 
open-source OpenSim/MATLAB interface implemented in 
Simulink [31] (Fig. 1, bottom right). The inputs to the interface 
are either the 19 joint torque vectors for each DoF in the model 
or the 92 muscle activations for each muscle in the model. 
Given these inputs, the interface calls the Simbody dynamic 
engine [33] to solve the forward dynamics problem and 
numerically integrates model states (outputs) using MATLAB 
integrators (ODE 45 was used here). This facilitates access to 
the model states such as joint angles, joint velocities, muscle 
lengths and muscle velocities, at any time step of the dynamics 
simulation. This feature enables custom-made feedback 
controllers to be added to the open-loop forward dynamic 
pipeline in OpenSim [31]. 

 

 
Fig. 1. Simulation framework for task-based control of 
movement using the experimental data. The framework consists 
of four major parts: the bottom right (Biomechanics), where 
OpenSim musculoskeletal models, forward dynamics 
simulations, and static optimization are used for generating a 
simulated subject-specific motion; the top right (Specific 
Subjects), where the experimental data are used to generate 
surrogate response surfaces representing each desired 
movement task; the top left (Control Systems), where the 
feedback tracking PID controller is used to reduce errors 
between desired and simulated task accelerations; the bottom 
left, (Robotics), where motion and operational space control are 
used to determine joint torques and corresponding task forces 
necessary for achieving the desired task-level movements. 
 

B. Experimental setup and surrogate models of experimental 
movement data 

We collected motion capture data (Fig. 1, top right) including 
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3D kinematics, ground reaction forces, and surface 
electromyography (sEMG) from two subjects, a female 
(subject1 | age 25 | height 1.72 m | mass 68 kg | foot length 26 
cm) and a male (subject 2 | age 25 | height 1.79 m | mass 84.5kg 
| foot length 25.5 cm). The sEMG were recorded activity from 
8 lower-extremity muscles (Gluteus Maximus, Gluteus Medius, 
Rectus Femoris, Vastus Lateralis, Vastus Medialis, Bicep 
Femoris, Semitendinosus, and Medial Gastrocnemius) from 
subjects’ stance leg during single leg balance recovery 
experiments [29]. Muscle excitations were measured with 
bipolar 30 mm surface electrodes sEMG (CleartraceTM 
Ag/AgCl, ConMed, Utica, NY) and were recorded using a 16-
channel telemetry system (Myon, Schwarzenberg, Switzerland) 
at 2,000 Hz sampling frequency. The raw EMGs were 
processed using a zero-lag fourth order Butterworth band-pass 
filter with the cut-off frequencies of 30 Hz to 500 Hz in 
MATLAB® [34]. The EMG signals were then rectified and 
low-pass filtered at 8 Hz to generate the linear envelope results 
shown in the paper. The CAREN (Computer Assisted 
Rehabilitation Environment) system (Motekforce Link, 
Amsterdam, The Netherlands) was used to introduce support-
surface disturbances in the form of horizontal translations of the 
base of support (BoS). The CAREN platform was translated in 
either the anterior or posterior direction over a distance of 6 cm 
or 12 cm with the CAREN maximum viable working speed (40 
cm/s) [35]. The subjects were instructed to maintain balance on 
a single leg while crossing their arms over the chest, so as not 
to rely on the arms for balance. Instructions given to subjects 
were the same for all balance recovery trials. During single-leg-
support, the contralateral foot was lifted a minimum of 10 cm 
from the support surface. Support-surface perturbations were 
randomly triggered between 1 to 3 seconds after the trial had 
been initiated. Subjects were not given any familiarization 
session. The kinematics marker data was recorded and sampled 
at 250 Hz using VICON T40 cameras [34]. The low-pass cutoff 
frequency of 6 Hz was applied to the kinematics data to remove 
motion artifacts. 

To begin forming the closed loop (Fig. 1, top right), we 
combined simulated biomechanical motions with subject-
specific surrogate response surfaces [36], [37]. The second-
order polynomial surrogate models described in equation (1) 
were created to represent the subjects’ experimental data as 
task-level movement commands as follows 
 
 𝑦"#$%&#"	 = 	 b* + 𝑏-𝑥- + 𝑏/0𝑥/0

-1/ 𝑥0 + 𝑏--𝑥-00
-1/             (1) 

 
where the response of a variable of interest (ydesired) is 
influenced by a set of predictors (xi), and bi are the coefficients 
of the second-order polynomial model for each subtask. Please 
refer to Appendix A for a detailed formulation of the quadratic 
surfaces for each subtask. Surrogate surface models were 
created for each subject using the subjects’ kinematics 
responses to a single platform translation (one anterior and one 
posterior perturbation trial with 6 cm translations).  We 
excluded the 12 cm platform translation trials from the 
surrogate models because the subjects were not able to keep 
their balance without stepping, which negated the single-leg 

balance criterion. Separate surrogate surfaces (Fig. 1, top right) 
were created for each desired subtask: swing foot position (V2) 
(Fig. 2), torso position (V3) in x, y, and z directions as functions 
of the primary task, and whole-body CoM position over the 
base of support (V1) (Fig. 2 and Fig. 4). Previous research 
suggests that human dynamic stability is achieved by 
controlling the whole-body CoM instead of individual joint 
level control [38]. Consequently, the primary task was assigned 
to keeping the position of the whole-body CoM over the base 
of support. The lower-priority subtasks were then defined as 
controlling the swing foot position (task 2) and controlling the 
torso orientation (task 3). Each response surface finds a set of 
polynomial coefficients that best fit the subjects’ experimental 
data. Desired tasks are computed from response surfaces as 
surrogate models for subject-specific motion coordination.  
 
 

 
Fig. 2: Subject-specific surrogate models created from 
experimental motion capture data and representing desired task-
level coordination. The task-level control relationships between 
the position of the primary task (V1), shown here as CoM task, 
and the swing foot position of the subtask (V2), shown here as 
the foot task. The third task, torso task (V3), is not shown in this 
figure. 
 

C. Task-level control with task-prioritization and support-
consistent contacts 

We began closing the control loop with a feedback (tracking) 
controller for task-level commands (Fig. 1, top left). We 
implemented three proportional–integral–derivative (PID) 
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controllers that calculate the reference accelerations for each 
defined task using the difference between the simulated and the 
desired tasks positions (e.g., the simulated swing foot position 
compared with the experimental position on the surrogate 
surface). The PID gains were tuned using the PID tuner in 
Simulink. Similar PID gains were automatically selected for all 
of the tasks regardless of their priority level. This enabled us to 
swap different task priorities in the controller formulation with 
minimal need for re-tuning the PID gains. The simulated tasks 
(ysim, Fig. 1, top right) are the 3D vector of each defined task 
position calculated at each simulation time step. The desired 
tasks (ydesired, Fig. 1, top right) are the experimental 
relationships of the tasks mapped to the surrogate response 
surfaces. The PID outputs (task accelerations) were delayed in 
time by a constant (𝜏 = 60	𝑚𝑠) [39], [40] to represent the neuro-
mechanical time lag for neural processing and neural signal 
transmission delays. 
 

The delayed task accelerations calculated through the control 
system block (Fig. 1, top left) along with the task dynamics are 
used to determine the task forces required for motion control of 
each task (Fig. 1, bottom left). The three task forces (𝐹9:;<) are 
related to the musculoskeletal model generalized torques (τ) 
through the multibody system Jacobian (𝐽). The joint-space 
dynamics equations of motion, mass matrix (M), centrifugal 
and Coriolis forces (b), gravitational forces (g), were mapped 
into the operational space using the following equations: 

 𝑀𝑞 + 𝑏 + 𝑔 = 𝜏			
AB
		𝐹9:;< = 𝛬𝑥 + 𝜇 + 𝑝	                         (2) 

 
where 𝐽 is the dynamically consistent generalized inverse of the 
system Jacobian (J), and 
 
𝛬 q = (	𝐽𝑀G/𝐽H)G/,  (3) 
 
is the operational space mass matrix of joint space mass matrix 
M, and 
 
𝜇 𝑞, 𝑞 = 𝛬𝐽𝑀G/𝑏 − Λ𝐽𝑞                       (4) 
 
is the operational space centrifugal and Coriolis vector, and 
 
𝑝 𝑞 = 𝛬𝐽𝑀G/𝑔                        (5) 
 
is the operational space gravity vector. We utilized a support-
consistent dynamics formulation derived from the robotics 
literature [41] with foot-ground contact modeling in OpenSim. 
This enabled our models to detach completely from the ground 
without requiring any kinematics points or weld constraints at 
the foot-ground contact locations. The gravity forces exerted on 
the musculoskeletal models push the model to the ground.   
Foot-ground dynamically consistent contact modeling 
generates the required ground reaction forces needed to move 
the model in 3D space. The dynamically consistent formulation 
also eliminates the need for any additional forces and torques 
(known as residuals) at the reference body (pelvis in our model) 
to satisfy the consistency of the equations of motion. 

Task prioritization formulation [42] was implemented to 
control each task simultaneously. Task prioritization guarantees 
that joint torques for lower-priority tasks (e.g. swing leg, hands, 
torso positions) are not causing accelerations that interfere with 
any of the higher priority tasks (whole-body CoM). These 
subtasks were defined because healthy individuals are able to 
independently control their limbs with minimal effects on their 
overall balance control.  We implemented the task prioritization 
formulation [43], [44] to calculate the compound torque (𝛤) 
which consists of the main task and the non-competing subtask 
torques. The lower-priority subtask torques, 𝛤9:;<(<N/), are 
defined in the null space of the higher-priority task, 𝑁9:;<(<), to 
avoid generating any torques which conflict with the higher-
priority task as follow:  
 
𝛤 = 𝛤9:;< + 𝑁H𝛤;PQ9:;<;,              (6) 
 
and in a more detailed form for our three tasks, 
 
𝛤 = 𝛤9:;<(/) + 𝑁9:;< /

H 𝛤9:;< 0 + 𝑁9:;< 0
H 𝛤9:;< R ,        (7) 

where 𝑁9:;<(<) is defined as:  
 
𝑁9:;<(<) = 𝐼 − 𝐽-|U(-)	𝐽-|V(-)<G/

-1/ .  (8) 
 
where I, is the n ´ n identity matrix, and  𝐽-|U(-)	is the 
dynamically consistent generalized inverse of the system 
Jacobian (𝐽-|V - ). Please refer to references [45], and chapter 6 
of reference [47], for the detailed dynamics formulation.  

 

D. Inverse-dynamics-based optimization to estimate muscle 
forces 

The last step in our simulation platform was to estimate 
optimal muscle activations from the calculated joint torques 
(Fig. 1, bottom right). Transformation from the joint torques to 
muscle activations is a redundant problem because there are 
multiple muscles that cross each joint, and they all contribute to 
the overall joint torque by their moment arms. One way to 
estimate the muscle forces and muscle activations is to use 
optimization. Here, we implemented static optimization in our 
simulation platform to minimize the sum of muscle activations 
squared, min 𝑎[0 , (where am is the activation of the muscle m), 
subject to the inequality conditions of 	0 ≤ 𝑎[ ≤ 1. The net 
muscle torques, generated by multiplying muscle forces by their 
moment arms, must equal the total joint torques.  
A total of 92 muscle activations were estimated through the 
static optimization algorithm. We compared the simulated 
muscle activities with the experimental muscle EMGs that we 
recorded during the balance experiment.  

 In closing the simulation loop (Fig. 1, bottom right), the 
estimated muscle activations from static optimization were used 
to drive the forward dynamic simulations and generate the 
output kinematics. We compared the simulated task-level 
kinematics for all three tasks generated from a single trial per 
perturbation direction, with the average experimental 
kinematics recorded from both subjects (four trials from each 
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subject, two trials per subject, per direction) to validate our 
task-level controller approach in human balance control. 

 

E. Validation 
We evaluated our kinematics analyses by quantifying the 

amount of error that data processing created from start to finish.  
The simulated marker data was put through the platform to 
generate a synthetic dynamic simulation motion file. An 
artificial noise was added to the synthetic motion to simulate 
marker recording errors due to skin artifacts [46].  We treated 
the simulated marker data as the actual motion that would have 
occurred in vivo and computed synthetic and noisy data sets to 
compare quantitatively how far off from the true movement the 
final product of the platform is while taking into account error 
from both motion capture and data processing.  Both the 
synthetic and noisy motions were compared to the simulated 
data at each phase of processing to evaluate how much error 
each step contributes to the endpoint results (see the flowchart 
in Appendix B, Fig. B1).  The final synthetic and noisy dynamic 
simulations produced by tracking surrogate response surfaces 
were evaluated based on the root mean square error in joint 
angles (Tables 1) and task body center of mass positions 
(Tables 2) from the original true movements. To compare our 
simulation results from the proposed platform with the actual 
experimental kinematics, we analyzed experimental trials of 
single-leg balance recovery from two subjects on the CAREN 
platform during anterior and posterior support-surface 
translations. 

 
 

 
 
 
 
 
 

 

 

III. RESULTS 
The quadratic surrogate response surfaces for each subject 

are illustrated in Appendix C. These surfaces (Fig. C1, Fig. C2) 
show the relationship among subtask vectors V2 (swing leg 
position, left calcaneus center of mass) and V3 (torso position, 
center of mass) and the projection of the primary task, V1 
(whole-body CoM) over the BoS (anterior/posterior, x-
direction, and medial/lateral, y-direction) for both the 
experimental (green) and the simulated trials (blue). 

 
We compared the simulated primary task, whole-body CoM 

displacements, (Fig. 3, solid magenta line) and simulated 
subtasks, swing leg and torso displacements (Fig. 4, solid 
magenta line) with the average experimental task displacements 
(Fig. 3 and Fig. 4, blue dashed line) of both subjects’ kinematics 
trials. The total number of 8 experimental trials, 4 trials per 
perturbation direction, two trials per subject per perturbation, 
anterior direction (subject 1, trials 86, 63; subject 2, trials 19, 
44) and posterior direction (subject 1, trials 75, 46; subject 2, 
trials 31, 89), were analyzed to create the mean (Fig. 3, and Fig. 
4, blue dashed line) and standard deviation (Fig. 3 and Fig. 4, 
blue gradient shadow) during both anterior (Fig. 3a, Fig. 4a, 4c) 
and posterior perturbations (Fig. 3b, Fig.4b, 4d). The simulated 
whole-body CoM displacements were, on average, within 7 mm 
(anterior) and 13 mm (posterior) Euclidian distance of 
experimental ones. The simulated position error for the subtasks 
such as swing leg position and torso orientation were within 2 
cm average RMS error margin. 

 
 

TABLE I 
ROOT MEAN SQUARE ERROR (DEGREES) 

Joint Angle Simulated to Synthetic Simulated to Noisy 

pelvis_tilt 6.77E-07 1.04 
pelvis_list 4.94E-07 0.74 

pelvis_rotation 5.54E-07 0.70 
hip_flexion_r 9.98E-07 1.48 

hip_adduction_r 5.97E-07 0.76 
knee_angle_r 9.36E-07 1.26 
ankle_angle_r 1.35E-06 1.65 

subtalar_angle_r 1.88E-06 2.50 
hip_flexion_l 8.72E-07 1.43 

hip_adduction_l 6.74E-07 0.93 
knee_angle_l 5.01E-07 0.78 
ankle_angle_l 1.14E-06 2.63 

subtalar_angle_l 1.58E-06 3.03 
lumbar_extension 8.27E-07 1.16 
Calculated values of the root mean square error in degrees between the 

simulated joint angles and those determined via inverse kinematics from the 
synthetic and noisy data. 
 

TABLE II 
ROOT MEAN SQUARE ERROR (METERS) 

Task Position Simulated to Synthetic Simulated to Noisy 

CoM_X 3.55E-09 4.97E-04 
CoM_Y 4.10E-09 4.36E-04 
CoM_Z 4.19E-09 4.86E-04 
torso_X 3.98E-09 7.88E-04 
torso_Y 3.81E-09 5.08E-04 
torso_Z 3.20E-09 9.51E-04 

calcn_left_X 4.36E-09 6.16E-04 
calcn_left_Y 5.22E-09 8.00E-04 
calcn_left_Z 4.03E-09 9.41E-04 

Calculated values of the root mean square error in meters between the 
simulated whole-body center of mass, and the mass centers of the torso and 
the left calcaneus, and the corresponding locations determined via inverse 
kinematics from the synthetic and noisy data. 
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Fig. 3: Comparison of simulated (magenta, solid line) center of 
mass (CoM) displacement relative to the base of support (BoS) 
with the mean subjects’ experimental CoM (blue, dash line) 
from four trials for each perturbation direction of both subjects 
(average of two trials of subject 1 and two trials of subject 2 in 
each direction) during a) anterior, b) posterior translation of the 
support surface (6 cm, 40 cm/s). The shaded blue line shows the 
standard deviation of the experimental data. 
 

 
 

 
Fig. 4: Comparison of simulated subtasks-swing leg and torso 
positions (magenta, solid line) with the mean subjects’ 
experimental displacements (blue, dashed line) during anterior 
(left column) and posterior (right column) translation of the 
support surface (6 cm, 40 cm/s). The shaded blue lines show the 
standard deviation of the experimental data.  

 

 
Fig. 5) Comparison of experimental (magenta) muscle EMGs 
(mV) and simulated (blue) muscle activations for subject 2, trial 
31, during posterior perturbation (6 cm, 40 cm/s). All 8 muscle 
activities shown here are recorded from the subject’s stance leg.  
 
Furthermore, the comparison of the simulated muscle activities 
(Fig. 5, blue line) and the experimental muscle EMGs (Fig. 5, 
magenta line) for the 8 lower extremity muscles collected from 
the supporting leg of both subjects is shown here (Fig. 5, and 
Appendix D, Fig. D1). The simulated muscles' results show the 
normalized muscle activities, whereas the experimental EMG 
is not normalized here. Although comparison of the muscle 
activity magnitudes may not be relevant here, the presented 
results show similarities in overall EMG signal envelope shapes 
and contraction timings. 

IV. DISCUSSION 
In this paper, we merged approaches from biomechanics, 

control theories, and robotics in a simulation platform to enable 
task-level simulation of subject-specific human movement. The 
previously developed open-source OpenSim/MATLAB 
interface in Simulink [31] was utilized as a main dynamics 
simulation platform to provide a closed-loop task-level 
controller to our subject-specific detailed musculoskeletal 
simulations. Surrogate response surfaces were developed for 
each subject using a single kinematic trial to form a task-level 
kinematic reference that represents each subject’s movement 
trials. The surrogate response surfaces were successful in 
providing high-level relationships between movement tasks 
required for balance control without a need for additional joint-
level information. Our preliminary results showed that the 
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predicted results closely matched the kinematics responses 
from 8 kinematics trials of the two subjects for both anterior and 
posterior perturbations. Despite the observed task-level 
kinematics differences in figures 3 and 4, the overall movement 
patterns were analogous to the experiments by simply tracking 
the three task-level relationships generated from a single 
kinematics trial. Tracking of these task-level balance control 
strategies can be used to inform the design of new models that 
represent “typical” subjects’ responses even in the situations 
where the experimental data is either sparse (shown in this 
paper) or not available.  This is especially favorable for 
predictive simulation of human movement [30], [47], [48]. 

 
OpenSim software currently provides access to open-loop 

forward dynamics simulations through the “Forward Dynamics 
Toolbox”. However, these forward simulations are however 
limited to fixed input signals (joint torques or muscle 
excitations) to solve for the estimated joint and muscle states. 
We used the OpenSim API’s in our custom 
OpenSim/MATLAB interface [31] to access the 
musculoskeletal models’ dynamic components such as mass, 
inertia and Jacobian matrices in MATLAB at each integration 
step. This enables development of custom-made controllers, 
such as the closed-loop task-level controller [20], [49] 
discussed in this paper. Combining musculoskeletal models 
with the neuromuscular controllers in our open-source platform 
allows predictive simulations to be formulated by simply 
providing access to modify different parts of the complex 
dynamic system that has not been previously available to users. 
These modifications can range from changing the 
musculoskeletal model parameters (e.g. adjusting the muscles’ 
maximum isometric forces for different age groups, or 
modifying muscle-tendon attachment geometry to represent the 
post-surgical condition) to creating state-of-the-art controllers 
that represent neural control strategies (e.g. changing control 
parameters to generate muscle spasticity, co-contractions or 
other pathological conditions) in both healthy and clinical 
populations. 
 

The task-level human balance control studied in this paper 
was inspired by previous studies which suggested similarities 
in high-level balance control strategies instead of individual 
joint-level control [50], [51]. Similarly, as discussed thoroughly 
in [6], previous studies suggest estimation of whole-body CoM 
through the integration of human sensory feedbacks (e.g., 
proprioceptive, vestibular and visual information) rather than 
joint-level information for balance control [13], [26]. 
Additionally, these studies demonstrate the muscles’ initial 
burst timing and magnitude are scaled to the CoM acceleration 
at the onset of the perturbation [52]. Consequently, whole-body 
CoM was chosen as the primary task in this manuscript. The 
other two subtasks of swing foot and torso positions were 
selected to enable adequate information required for our 
controller to predict human balance recovery during support-
surface perturbations (the supplemental videos show how the 
controller is able to track CoM position or swing foot through 
defined points using task prioritization). For our simulations, 

the priority level of these subtasks can be exchanged without 
changing our results significantly. However, the primary task 
of keeping the whole-body CoM over the BoS was essential for 
maintaining balance; our models fell when other subtasks were 
selected as the primary task. In addition, despite the fact that 
our simulations were not sensitive to the controller PID gains, 
different task priority levels and gains might be necessary to 
compare movement across different populations (e.g. young vs. 
elderly subjects) or to study clinical populations such as patients 
with Parkinson’s disease and stroke.  

 
The results of this study should be interpreted within the 

context of modeling assumptions and capabilities to perform 
predictive simulations. In this paper, we used a single 
kinematics trial per perturbation direction to create reference 
surrogate models for two subjects’ task-level balance responses 
to a perturbation. These surrogate models need to be expanded 
accordingly with additional trials to create more generalizable 
models that describe a specific subject population’s behavioral 
responses to support-surface perturbations, or, expanding on 
our study, predicts balance under different perturbation 
directions and magnitudes based on a single comprehensive 
surrogate.  The observed differences at the individual joint level 
between the simulated and the experimental kinematics data 
and consequently the observed differences in muscle 
activations can be meaningful depending on the clinical 
question that users would like to answer. Additional task-level 
commands (three tasks implemented in this paper) with 
different subtask priorities might be needed to fully represent a 
more complex behavioral movement and answer different 
specific clinical questions. Furthermore, the task-based 
controller can be expanded to include more physiological 
neural control commands and sensory feedbacks. For example, 
a spinal reflex model can be implemented as part of the control 
system using muscle spindles and Golgi tendon models [30] to 
encode muscle length and force feedbacks in our simulations. 
In addition, the static optimization technique was utilized here 
as a way to provide estimates of muscle activations from the 
joint torques. To ensure that minimization of the muscle 
activation is a reasonable cost function for our optimizer, the 
two selected trials were chosen from the trials near the middle 
and end of the data collection sessions (subject 1, trial 85 and 
subject 2, trial 31). This is in line with the previous research that 
showed subjects’ responses to early perturbation is focused 
primarily on maintaining balance with little regard to the 
reduction of muscular effort [53] and subjects adapt their 
responses over the repeated perturbations. The optimization 
algorithm also can be modified or replaced by different cost-
functions besides the energy minimization approach used here 
to provide a better estimate of physiological muscle EMG 
characteristics such as co-contraction, or muscle spasticity seen 
in the typical clinical population such as in stroke population. 
Despite these challenges, our conclusions regarding task-level 
simulation of human balance recovery remain valid. 

 
The combination of detailed musculoskeletal models with 

the closed-loop task-level control of movement inspired by the 
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robotics field implemented in an open source platform [31] 
allowed for the synthesis of subject-specific task-level 
movements. We found that the quadratic surfaces can 
accurately predict the responses for a range of human 
movement data; moreover, they allow synthesis of a range of 
motions for a specific subject without additional prospective 
motion capture data (e.g., prediction of the post-treatment 
outcome from pre-treatment motion). Our results confirmed 
how a complex subject-specific movement can be reconstructed 
by sequencing and prioritizing multiple task-level commands to 
achieve a desired movement. The four areas of the closed loop 
(specific subjects, control systems, robotics, and biomechanics) 
offer numerous directions for future work to advance the study 
of human balance control and subject-specific outcome 
predictions. The novel platform presented here enables 
integration of task-based control with complex musculoskeletal 
models and has a promising outlook for integrating predictive 
motor control and sensory systems into the studies of human 
movement. 
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APPENDIX A 

Form the A matrix for the primary task (V1) of a second order 
polynomial equation as follow: 

𝐴 = 		 	1; 	𝑉1a; 𝑉1b;	𝑉1a0; 	𝑉1a×𝑉1b	; 𝑉1b0 ; 
 

Then compute the b coefficients for the surrogate models by 
solving the system of linear equations as follow for each 
subtask (V2, V3) in x-, y- and, z-direction, 

 
𝑏2a = 𝐴\𝑉2a; 

𝑏2f = 𝐴\𝑉2g; 

𝑏2h = 𝐴\𝑉2b; 

𝑏3a = 𝐴\𝑉3a; 

𝑏3f = 𝐴\𝑉3f; 

𝑏3b = 𝐴\𝑉3b; 

 
and finally plug the polynomial coefficients, b, for each subtask 
into the second order model based on the projection of the 
primary task on transversal plane (support surface plane) to 
form the surrogate surfaces: 

 
𝑉2a = 	𝑏2a 0 + 𝑏2a 1 		𝑋 +	𝑏2a 2 		𝑌 +	𝑏2a 3 	𝑋0

+	𝑏2a 4 	𝑋𝑌	+	𝑏2a 5 𝑌0;	 
𝑉2f = 	𝑏2f 0 + 𝑏2f 1 		𝑋 +	𝑏2f 2 		𝑌 + 	𝑏2f 3 	𝑋0

+	𝑏2f 4 	𝑋𝑌	+	𝑏2f 5 𝑌0;	 
𝑉2b = 	𝑏2b 0 + 𝑏2b 1 		𝑋 +	𝑏2b 2 		𝑌 + 	𝑏2b 3 	𝑋0

+	𝑏2b 4 	𝑋𝑌	+	𝑏2b 5 𝑌0;	 
 

𝑉3a = 	𝑏3a 0 + 𝑏3a 1 		𝑋 +	𝑏3a 2 		𝑌 +	𝑏3a 3 	𝑋0
+	𝑏3a 4 	𝑋𝑌	+	𝑏3a 5 𝑌0;	 

𝑉3f = 	𝑏3f 0 + 𝑏3f 1 		𝑋 +	𝑏3f 2 		𝑌 + 	𝑏3f 3 	𝑋0
+	𝑏3f 4 	𝑋𝑌	+	𝑏3f 5 𝑌0;	 

𝑉3b = 	𝑏3b 0 + 𝑏3b 1 		𝑋 +	𝑏3b 2 		𝑌 + 	𝑏3b 3 	𝑋0
+	𝑏3b 4 	𝑋𝑌	+	𝑏3b 5 𝑌0;	 

 

APPENDIX B 
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Fig. B1: Flowchart describing the steps used in validating our 
methods. Simulated marker data were used to represent data 
collection as it happens in the lab setting. Root mean square 
error was calculated for both synthetic and noisy fits to the 
simulated marker data in order to quantitatively determine the 
offset introduced by our modeling techniques. 

APPENDIX C 

 

 
Fig. C1: Quadratic surrogate response surfaces showing the 
subject 2’s subtasks, swing leg (left column), V2, and torso 
(right column), V3, over the projection of the primary task, 
whole-body CoM, V1, in x-, y- and, z-direction. Experimental 
(green) and simulated (blue). The surrogate surfaces are based 
on the experimental data from subject 2, trial 31.  

 
Fig. C2: Quadratic surrogate response surfaces showing the 
subject 1’s subtasks, swing leg (left column), V2, and torso 
(right column), V3, over projection of the primary task, whole-
body CoM, V1, in x-, y- and, z-direction. Experimental (green) 
and simulated (blue). The surrogate surfaces are based on the 
experimental data from subject 1, trial 85. 
 

APPENDIX D 

 
Fig. D1) Comparison of experimental (magenta) muscle EMGs 
(mV) and simulated (blue) muscle activations for subject 1, trial 
85, during posterior perturbation (6 cm, 40 cm/s). All 8 muscle 
activities shown here are recorded from the subjects’ stance leg.  
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Figure 1: Simulation framework for task-based control of movement using subject-
specific experimental data. The framework consists of four major parts: the bottom right 
(Biomechanics), where the OpenSim musculoskeletal modeling, forward dynamics 
simulations, and static optimization are used for generating a simulated subject-specific 
motion; the top right (Specific Subjects), where the experimental data are used to 
generate surrogate response surfaces representing each desired movement task; the 
top left (Control Systems), where the feedback controller with 60 ms neuro-mechanical 
delay [28] is used to reduce errors between desired and simulated tasks; the bottom 
left (Robotics), where motion and operational space control are used to determine joint 
torques and corresponding task forces necessary for achieving the desired task-level 
movements. 
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Figure 2: Subject-specific surrogate models created from experimental motion capture 
data and representing desired task-level coordination. The task-level control 
relationships between the position of the primary task (V1), shown here as CoM task, 
and the swing foot position of the subtask (V2), shown here as the foot task. The third 
task, torso task (V3), is not shown in this figure. 
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Figure 3: Comparison of simulated (magenta, solid line) center of mass (CoM) 
displacement relative to the base of support (BoS) with the mean subjects’ experimental 
CoM (blue, dash line) from four trials for each perturbation direction of both subjects 
(average of two trials of subject 1 and two trials of subject 2 in each direction) during a) 
anterior, b) posterior translation of the support surface (6 cm, 40 cm/s). The shaded 
blue line shows the standard deviation of the experimental data. 
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Figure 4: Comparison of simulated subtasks-swing leg and torsi positions- (magenta, 

solid line) with the mean subjects’ experimental displacements (blue, dashed line) 

during anterior (left column) and posterior (right column) translation of the support 

surface (6 cm, 40 cm/s). The shaded blue lines show the standard deviation of the 

experimental data. 
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Fig. 5) Comparison of experimental (magenta) muscle EMGs (mV) and simulated (blue) 
muscle activations for subject 2, trial 1, during posterior perturbation (6 cm, 40 cm/s). All 
8 muscle activities shown here are recorded from the subject’s stance leg.  
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Figure B1: Flowchart describing the steps used in validating our methods. Simulated 
marker data was used to represent data collection as it happens in the lab setting. Root 
mean square error was calculated for both synthetic and noisy fits to the simulated 
marker data in order to quantitatively determine the offset introduced by our modeling 
techniques. 
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Fig. C1: Quadratic surrogate response surfaces showing the subject 2’s subtasks, 

swing leg (left column), V2, and torso (right column), V3, over projection of the primary 

task, whole-body CoM, V1, in x, y and z direction. Experimental (green) and simulated 

(blue). The surrogate surfaces are based on the experimental data from subject 2, trial 

31.  
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Fig. C2: Quadratic surrogate response surfaces showing the subject 1’s subtasks, 

swing leg (left column), V2, and torso (right column), V3, over projection of the primary 

task, whole-body CoM, V1, in x, y and z direction. Experimental (green) and simulated 

(blue). The surrogate surfaces are based on the experimental data from subject 1, trial 

85. 
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Confidential: For Review OnlyFig. D1) Comparison of experimental (magenta) muscle EMGs (mV) and simulated 

(blue) muscle activations for subject 1, trial 85, during posterior perturbation (6 cm, 40 

cm/s). All 8 muscle activities shown here are recorded from the subjects’ stance leg.  
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