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Abstract — Research on 3D predictive gait simulation remains limited. This study therefore verifies an existing 3D predictive gait
simulation framework implemented in SCONE, with the goal that this verified framework can serve as a physiologically plausible modelling
and optimisation platform for future related studies. Four optimisation criteria were selected, namely minimising cost of transport, minimising
muscle activity, maxmising head instability, and minimising foot-ground impact. These criteria were combined to form a set of objective
functions, under which the framework was optimised. The predicted results produced by each objective function were quantitatively compared
with experimental data using Pearson r and RMSE/SD, and agreement was evaluated across multiple biomechanical categories, including joint
kinematics, ground reaction forces, joint moments and joint powers. The results indicate that, under the optimal objective function, the
predictive performance approaches that of the ExpTrack solution that directly tracks experimental data. The framework reproduces sagittal
plane hip, knee and ankle angles, vertical and anterior-posterior ground reaction forces, all joint moments and ankle power with strong
agreement, but agreement is weaker for hip adduction, medio-lateral ground reaction force, and knee and hip power. Overall, these findings
demonstrate the strengths of the framework in reproducing experimental 3D gait, while also revealing limitations in medio-lateral stability
control and in the current model and controller settings, providing a basis for targeted improvements in future work.
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1 Introduction

Predictive simulations of human gait can predict new movement patterns without prescribing experimental joint angles or
ground reaction forces (GRFs) in advance [1-5]. Consequently, musculoskeletal modelling and simulation approaches of this type
have been widely used to analyse the potential mechanisms underlying movement disorders, to evaluate assistive devices such as
orthoses and exoskeletons, and to design rehabilitation training strategies [4, 6-8]. In such predictive simulations, the optimisation
algorithm must select an optimal solution from a solution space containing a large number of feasible solutions, so the choice of
objective function becomes a central issue, as it determines the optimisation target and, to some extent, reflects assumptions about
the optimisation criteria of human gait [9-13].

Previous studies have mainly proposed four physiological optimisation criteria for human gait: minimising energetic cost
quantified by cost of transport (CoT), minimising muscle activity (MusAct), maximising head stability (HeadStab), and minimising
foot-ground impact (FGImpact). Each of these criteria has a sound theoretical or experimental basis and has been used, either
individually or in combination, in different predictive simulation studies. Among them, the most frequently discussed criterion is
the CoT [14-19]. A large body of experimental work has shown that humans tend to select combinations of walking speed and step
length that minimise energetic cost, so many predictive simulation studies have adopted CoT as the primary or even sole
optimisation objective [20-24]. In addition, MusAct encourages the movement task to be performed with lower overall muscle
effort, which is commonly interpreted as improving endurance and reducing overall fatigue, and is therefore used as a proxy for
anti fatigue demands [5, 22, 25, 26]. HeadStab, implemented as constraints on head linear acceleration, reflects the requirement for
vestibular and visual stability [21, 27-29]. and foot-ground impact (FGImpact) is intended to capture control of impact comfort and
injury risk [30-34].

In 2D sagittal plane musculoskeletal models, these optimisation criteria have already been examined in a relatively systematic
manner. Represented by the work of Veerkamp et al., studies have separately minimised CoT, MusAct, HeadStab, FGImpact and
an additional KneeExt term related to the knee extension limit, and then constructed combined objective functions by gradually
adding these terms and tuning their weights so that the predicted gait approximates the experimental data as closely as possible [12].
Such studies have both provided a systematic comparison of the roles of different optimisation criteria and clearly demonstrated the
strong sensitivity of predictive outcomes to the form of the objective function and the choice of weights. Overall, 2D predictive gait
simulations based on these physiological optimisation criteria have developed a relatively complete framework and body of
practical experience.

However, these analyses remain confined to 2D sagittal plane models, whereas human gait is inherently 3D. Joint motions in
the frontal and transverse planes, such as hip adduction and hip internal-external rotation, together with the associated medio-lateral
stability, are equally important for balance and fall risk [35-36]. At present, there is still a lack of systematic predictive gait

simulation studies based on these physiological optimisation criteria in full-body 3D musculoskeletal models.



Therefore, this study verifies the plausibility of an existing 3D predictive gait simulation framework implemented in SCONE
by quantitatively comparing its predictive results with experimental data. The study aim is to verify, under the reference condition
of level walking at self-selected speed in healthy adults, the gait reproduction capability of an existing 3D predictive gait simulation
framework implemented in SCONE. The framework comprises the H1922 3D human musculoskeletal model, a reflex based
controller, a PD based trunk controller, and CMA-ES optimisation algorithm [37, 38]. Quantitative comparisons with experimental
data are used to identify strengths in reproducing experimental 3D gait, to characterise limitations, and to propose directions for
improvement. A verified framework is expected to provide a physiologically plausible modelling and optimisation platform for
future related studies. To this end, the four physiological optimisation criteria introduced above are used as basic components for
constructing the objective function [12]. A range of different objective functions is systematically formulated, and, for each
objective function, the agreement between the predictive results and the experimental data is compared across several
biomechanical categories, including joint angles, GRFs, joint moments and joint powers. More specifically, the study addresses the
following research question:

In the existing SCONE 3D predictive gait simulation framework, which objective function, constructed from combinations of
four physiological optimisation criteria, produces predicted gait results with the highest overall agreement with the experimental
data? Under this optimal objective function, what are the strengths and limitations of the framework in reproducing 3D gait across

different planes and joint DOFs, specifically which measures show strong agreement and which show weaker agreement?

2 Methods
2.1 H1922 3D gait simulation framework

This study is based on an existing 3D predictive gait simulation framework implemented in SCONE [37]. The H1922 3D
human musculoskeletal model used in this framework comprised 19 degrees of freedom, including six rigid body degrees of
freedom of the pelvis, three rotational degrees of freedom of the lumbar segment, and ten joint degrees of freedom across both legs,
namely hip flexion, hip adduction, hip rotation, knee flexion, and ankle flexion. The lower limbs contained 22 Hill type muscle
tendon units (11 muscles per leg). For each muscle, the maximum isometric force, optimal fibre length, tendon slack length and
pennation angle parameters are listed in Appendix Table Al.

To prevent knee hyperextension, a passive joint limit torque was added at each knee in the H1922 model. This torque was
activated when the knee flexion angle was smaller than 5 degrees, with a stiffness of 500 Nm/rad. Foot ground contact was
modelled using a Hunt Crossley contact formulation. For each foot, one viscoelastic sphere with a radius of 3 cm was placed under
the heel, and two viscoelastic spheres with a radius of 2 cm were placed under the forefoot region to compute the ground reaction
forces. In the Hunt Crossley model, the damping coefficient was set to 1 kg/m and the stiffness coefficient was set to 11006.4 N/m.
The static and dynamic friction coefficients were set to 0.9 and 0.6, respectively [39].

At the control level, the framework employs a reflex-based neural controller derived from the work of Geyer and Herr to
generate muscle excitations for the lower limb muscles [40]. In the original implementation of this framework, the reflex
architecture is moderately adapted, and additional reflex pathways to the gluteus medius and adductor magnus are included to
improve frontal plane stability control. The detailed reflex structure is listed in Appendix Table A2. To control trunk posture, a PD
based trunk controller acted at the lumbar joint level and generated torques in the sagittal, frontal and transverse directions to
regulate trunk orientation. All reflex delays were kept identical to those specified in Geyer and Herr’s work [40].

The controller contained 93 optimisation variables in total: 16 variables controlling the initial state of the DOFs, 1 variable
defining the gait phase, 7 variables specifying the PD and reflex gains for the lumbar joint torques, and the remaining 69 variables

specifying reflex gains and offsets for each muscle in different gait phases.

2.2 Optimisation algorithm and simulation settings

All control parameters were optimised using the CMA-ES algorithm [38]. Each optimisation run produced 10 s of predictive
gait results. Each optimisation parameter was initialised using the controller’s original settings, but the standard deviations were
adjusted to obtain stable gait.

To obtain a stable gait solutions, several penalty terms were included in the optimisation: a large penalty was added if a fall
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occurred within the 10 s simulation, if the average walking speed was lower than 0.75 m/s, or if ankle flexion exceeded 60 degrees
[9]. For each objective function, CMA-ES was run 30 times in parallel with different random seeds, yielding 30 sets of predictive
results. The maximum number of generations per optimisation run was set to 2000, and optimisation was terminated earlier if the
decrease in the objective function value between two consecutive generations fell below 1% 107> . The trial with the lowest
optimisation score was selected as the representative predictive results for that objective function and used for comparison and

analysis against the experimental 3D gait data.

2.3 Physiologically-based criteria

Within the H1922 3D gait simulation framework, four physiological optimisation criteria proposed by Veerkamp et al. were
adopted as basic components for constructing the objective function [12]. Minimising cost of transport (CoT): based on an
Umberger type metabolic energy model [41], the metabolic power of all muscles was integrated over time to obtain the total
metabolic energy, which was then divided by the forward displacement of the model centre of mass to represent the metabolic cost

per unit distance. Minimising this measure therefore corresponds to minimising energy cost during gait [42]:
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Minimising muscle activity (MusAct): In optimisation, minimising muscle activity is commonly interpreted as encouraging
the model to accomplish the movement task with lower overall muscle force, thereby increasing endurance and reducing overall
fatigue [5, 22, 25, 26]. For each lower limb muscle, the activation is squared and integrated over time, then the results are summed

over all muscles and divided by the forward distance, yielding a total activation® per meter:

22
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Mammising head stability (HeadStab): in the 3D model, the acceleration of the head centre of mass is computed in the
anterior-posterior (AP), medio-lateral (ML) and vertical directions. The sum of the absolute values in these three directions is used
as an instantaneous quantity, which is then integrated over time and divided by the forward distance, reflecting the overall level of

head linear acceleration [21, 27-29]:
= , [ O+ O+ Ol

Minimising foot-ground impact (FGImpact): for the 3D GRFs of both feet (vertical, AP and ML), the absolute value of their
time derivatives is integrated over time and divided by the forward distance, providing a measure of the rate of change of plantar

loading and impact related loading [30-34]:
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2.4 Objective function combinations and weighting

Based on the four criteria described above, different objective functions were constructed to systematically evaluate their
influence on predictive gait and to identify an optimal objective function. First, CoT, MusAct, HeadStab and FGImpact were each
used as a single objective function in separate optimisations, and the overall agreement between the predictive results and the
experimental data was compared for these four single criterion cases. In line with previous studies and the present results [20-24],

using CoT alone yielded the best overall agreement, so CoT was treated as a required base criterion in objective functions
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constructed from multiple criteria.

All objective functions constructed from multiple criteria took the form “CoT + additional criteria”, including CoT+MusAct,
CoT+HeadStab, CoT+FGImpact and combinations of CoT with any two or all three of the additional criteria. To avoid differences
in physical units causing any single criterion to dominate the optimisation, a constant normalisation factor was predefined for each
criterion, and the criterion values were normalised to criterion* so that their magnitudes were comparable around a representative
gait solution. The final objective function was written as =

In all objective functions, the weight of CoT was fixed at 1, whereas the weights of the other three criteria were selected from
the finite set {0.1, 0.25, 1, 1.5, 5} to construct a series of representative weighting schemes. For each “CoT + additional criteria”
objective function form, CMA-ES was run under these discrete weight configurations, and the configuration with the best overall

agreement was selected as the final predictive results for that objective function form [12].

2.5 Experimental and predictive data preprocessing

Experimental data were taken from the full body gait dataset published by Van Criekinge et al. [43]. This study used the group
mean data and corresponding standard deviations from 29 healthy adults aged 20 to 30 years in the experimental dataset, including
14 males and 15 females, with an age of 25.21 + 2.85 years, a body mass of 74.24 + 14.10 kg, and a height of 1.72 + 0.08 m,
collected during level walking at self-selected speed. The variables included lower limb joint angles, three dimensional ground
reaction forces, joint moments, and joint powers. The group mean walking speed of these participants was 1.24 = 0.21 m/s, with a
speed range of 1.01 to 1.79 m/s. All data were normalised to the gait cycle and resampled to a standard format spanning 0 to 100
percent of the gait cycle.

For the predictive results, each 10s simulation generated by the optimisation was processed by discarding the first two gait
cycles and treating the subsequent five consecutive gait cycles as steady state gait. From these five cycles, the corresponding
biomechanical variables were extracted, normalised to 0-100% gait cycle and averaged. The resulting averaged waveforms were

taken as the predictive results for that simulation and were used to assess agreement with the experimental group mean data.

2.6 Biomechanical categories, agreement metrics and verification procedure

To evaluate agreement between predictive results and experimental data at multiple levels, variables were grouped into four
biomechanical categories: (1) Kinematics: hip flexion, hip adduction, hip internal-external rotation, knee flexion and ankle
dorsiflexion; (2) GRFs: vertical, AP and ML GRFs; (3) Joint moments: net hip, knee and ankle joint moments in the relevant planes;
(4) Joint powers: hip, knee and ankle powers.

For each objective function, two primary metrics were computed to assess agreement between the predictive results and the
experimental data [44-46]: (1) the Pearson correlation coefficient r, calculated between the predictive results and the experimental
data, used as the primary agreement metric to reflect similarity in waveform shape and timing pattern; (2) the normalised RMSE
(RMSE/SD), defined as the RMSE between predictive results and experimental data divided by the experimental SD, used as an
auxiliary metric of relative amplitude error.

The above metrics were first computed at the single variable level, then averaged within each biomechanical category, and
finally averaged across all categories to obtain, for each objective function , an overall average r and an overall average RMSE/SD.
The predictive average walking speed was recorded at the same time. According to the classification in [47], r < 0.3 was interpreted
as very weak agreement, 0.3 to 0.5 as weak, 0.5 to 0.7 as moderate and r > 0.7 as strong. In the present study, Pearson r served as
the primary metric for evaluating agreement between predictive results and experimental data, whereas RMSE/SD was used as an
auxiliary metric to compare amplitude errors across different objective functions.

On this basis, verification was carried out in two steps. (1) Single criterion analysis: the overall average r (primary) and overall
average RMSE/SD (auxiliary) of the four single objective functions CoT, MusAct, HeadStab and FGImpact were compared to
evaluate the effect of minimising each criterion individually and to confirm the rationale for treating CoT as the baseline criterion
in multi objective optimisation. (2) CoT-based combination analysis: for all “CoT + additional criteria” objective function
combinations and their discrete weighting schemes, CMA-ES was run, overall average r and RMSE/SD were computed, and the

combination with the highest r and lowest RMSE/SD was selected as the optimal objective function. Under the optimal objective
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function, subsequent analyses primarily used Pearson r within each biomechanical category to characterise the framework’s
reproduction capabilities and limitations across different planes and degrees of freedom.

To assess whether, under the optimal objective function, the framework already approaches the upper performance bound of
predictive simulation, an additional tracking objective function (ExpTrack) was constructed. Under ExpTrack, CMA-ES directly
tracked the experimental data by minimising RMSE/SD between predictive results and experimental data. The resulting predictive
results were regarded as the upper performance bound achievable with this framework and were used for comparison with the
results obtained under the optimal objective function combination [12].

In addition, agreement in muscle activation between the predictive results under the optimal objective function and the
experimental data was also assessed in this study, but only as a reference. Since the dataset in [43] lacks corresponding EMG
measurements, the experimental EMG data were taken from [48]. Specifically, group mean EMG profiles were obtained from 20
healthy adults aged 22 to 72 years, including 9 males and 11 females, with an age of 43.1 + 15.4 years, a body mass of 68.5 + 15.8
kg, and a height of 1.71 £ 0.10 m, collected during level walking at a comfortable speed.

3 Results

Video recordings of the predicted gait simulations for all objective functions are available at: https://youtu.be/7e MZzK5t0A
3.1 Single-criterion simulations

This study first performed optimisation using CoT, MusAct, HeadStab and FGImpact as single objective functions. The
results showed that all four single criteria were able to generate 3D predictive gait, as illustrated in Figure 1. However, the overall
average Pearson r ranged only from 0.59 to 0.66, which is below 0.7, indicating limited agreement between the predicted gait and
the experimental data when a single criterion was used. Consistent with previous studies [20-24] and the present results, the
objective function based on CoT alone achieved the best overall performance in terms of overall average r and overall average
RMSE/SD, with an overall average r of 0.67 and an RMSE/SD of 1.75. Therefore, CoT was treated as a required base criterion in

the subsequent objective functions constructed from multiple criteria.
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Figure 1. Pearson r and RMSE/SD between results predicted by minimising four criteria and the experimental data.

3.2 CoT-based objective function combinations and optimal combination
After confirming CoT as the baseline criterion, a systematic exploration was carried out of objective function of the form

“CoT + additional criteria”. When evaluating agreement, overall average Pearson r was used as the primary metric, and overall
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https://youtu.be/7e_MZzK5t0A

average RMSE/SD was used as a secondary metric. Following the grading scheme in [47], r values greater than 0.7 are typically
considered to indicate a strong correlation. Accordingly, this study treated an overall average r greater than 0.7 as the main criterion
for strong agreement between predictive results and the experimental data. RMSE/SD was mainly used to compare the relative
magnitude of amplitude errors across different objective functions, rather than to apply a strict absolute threshold. CoT was treated
as a required criterion, and MusAct, HeadStab and FGImpact were added to form different objective functions. For each added
criterion, the weight was selected from the discrete set {0.1, 0.25, 1, 1.5, 5}. In total, 215 CoT based optimisation runs were
completed. For each objective function constructed from multiple criteria, the representative weight settings were retained based on

the highest overall average r together with relatively low average RMSE/SD. The results for these objective functions are shown in

Figure 2.
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Figure 2. Pearson r and RMSE/SD between results predicted by minimising different objective function combinations and the

experimental data.

Among all objective funcions, the best overall agreement was obtained with the objective funcion containing CoT, MusAct,
HeadStab and FGImpact: CoT+MusAct+HeadStab+FGImpact. The details of this objective function combination are listed in
Table 1, and the waveform profiles of the biomechanical variables under the optimal objective function are shown in Figure 3.
Across the biomechanical categories, the average r values for kinematics, GRFs, joint moments and joint powers were 0.60, 0.82,
0.86 and 0.68, respectively, while the corresponding average RMSE/SD values were 1.17, 2.14, 1.32, and 1.59, respectively. The
overall average r was 0.74 (the highest among all objective functions) and the overall average RMSE/SD was 1.56 (the lowest
among all objective functions). According to the agreement classification adopted in this study, this overall average r falls within
the strong range (r > 0.7). The corresponding walking speed was 1.01 m/s, which falls within the experimental range of 1.01 to 1.79

m/s, but is lower than the experimental group mean walking speed of 1.24 m/s.

Table 1. Overview of optimal objective function. Normalization factor scales each criterion to a comparable magnitude (criterion*

= criterion / factor). Weighting is the dimensionless coefficient w; applied to each normalised term in the combined objective.

Criterion’s optimal objective

Criteria Normalization factor function weighting
CoT 5.0225 1

FGImpact 6.5831 1

MusAct 1.005 1.5

HeadStab 3.3772 1.5




To further assess the extent to which this optimal objective funcion had already exploited the predictive capability of the
framework, an ExpTrack simulation was performed. Under ExpTrack, the overall average r was 0.78 and the overall average
RMSE/SD was 1.36, whereas for the optimal objective funcion they were 0.74 and 1.56, respectively (Figure 4). In terms of
Pearson 1, the optimal objective function achieved performance that was very close to ExpTrack. Since ExpTrack directly tracks
the experimental data, its results can be regarded as an upper bound of the agreement achievable under the current framework
consisting of the HI922 model, the controllers, and CMA-ES optimisation algorithm.  Therefore,
CoT+MusAct+HeadStab+FGImpact objective funcion can be considered the optimal objective function identified in this

framework using this pesent approach.

knee flexion ankle dors-plantarflex
60
101 /\
- (Z A
g L X
3
20 _10
A v/
0 -20
0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100
hip flex-extension hip inter-external rotation hip ad-abduction
40 10
10
N ,:A ’
2 20 0 / W\
] v 5 0 N~
2 10 ~—
-
0 -10 -5
e V
20+ 20— _w‘,...,,.,
0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100
grf anterior-posterior grf vertical grf medio-lateral
12
0.2 0.06
s 1.0 ~ _
a W 0.04
w 0.1 0.8
© / 0.6 002
B 0.0 |
2 0.4 0.00 \y
g -01
g \ 0.2 4 -0.02
€
-0.2 0.0 -0.04
0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100
knee ext-flexion moment ankle plantar-dorsflexion moment
B 075 151
<
E
0.50
Z 1.0
ot
e / \ P =
S 000 05
g oy 7/ N\
£ J
£ —0.25 \,\/ \\.
S, X 0.0 157 (S
—-0.50
0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100
hip ext-flexion moment hip exte-internal rotation moment hip ad-abduction moment
0.2
- P
El 0.0
x 05
F P FARR \ 4
Z Ao 7 -0.2
T 00 /
H 0.0 \o -0.4 \
5 _0s \ / \/
g 0.6
£ =4
b -0.1
50 08
-0.2
0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100
knee power ankle power hip power
1.0 4 2
g o.sb f&\ 3
YR AN Y A\ A i
= T \ \ Py
£ -os4 |\
8._10 ! 1 \ 0 ,\//\ / ’ L
o -1
£
8 -15 ’ R = / o ’
-2.0 —1 -1
0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100
% gait cycle % gait cycle % gait cycle
experimental sd optimal combined objective function ExpTrack

—— experimental group mean

Figure 3. Comparison of waveforms predicted by the optimal objective function combination and by ExpTrack with the

experimental data.
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Figure 4. Pearson r and RMSE/SD between results predicted by the optimal objective function combination and by ExpTrack and

the experimental data.

3.3 The agreement between the optimal predictive results and the experimental data

After identifying the optimal objective function combination, the framework’s reproduction strengths and limitations across
different planes and joint degrees of freedom were further analysed based on Pearson r within each biomechanical variables. The
results are shown in Figure 5.

Under the optimal objective function, in the sagittal plane, the Pearson r values for hip flexion, knee flexion and ankle flexion
angles were 0.91, 0.98 and 0.96, respectively. The r values for vertical and anterior-posterior (AP) GRFs were 0.91 and 0.96,
respectively. The r values for the primary sagittal plane joint moments, namely hip flexion, knee flexion and ankle flexion moments,
were 0.74, 0.77 and 0.99, respectively. As all these r values exceed 0.7, they indicate strong agreement, suggesting that under the
reference condition the framework reproduces the waveform shape and timing of sagittal plane joint kinematics, vertical and AP
GRFs, and the corresponding joint moments with high fidelity, capturing key features of healthy gait.

In the frontal and transverse planes, the hip adduction angle showed a negative correlation with the experimental data, with an
r of —0.43, whereas the hip rotation angle showed moderate agreement, with an r of 0.58. The medio-lateral (ML) ground reaction
force also showed moderate agreement, with an r of 0.59. In contrast, the agreement for joint moments was substantially higher: the
hip adduction moment and hip rotation moment achieved strong agreement, with r values of 0.88 and 0.89, respectively.

For joint power, ankle power showed strong agreement, with an r of 0.93, indicating that the predicted patterns of energy
generation and absorption at the ankle were very close to the experimental data. In comparison, knee power and hip power showed

only moderate agreement, with r values of 0.54 and 0.58, respectively.
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Figure 5. Pearson r between predictive results obtained with the optimal combination and ExpTrack and the experimental data. For

hip ad-abduction, the absence of bars indicates negative r values and therefore very poor agreement.

3.4 Muscle activation

Muscle activation was not included as a criterion when selecting the optimal objective function. The main reason is that EMG
amplitude is highly dependent on the normalisation procedure and measurement conditions, and therefore the experimental EMG
and the framework predicted activations are not directly comparable in terms of absolute amplitude. Nevertheless, Pearson r
between the predicted muscle activations and the experimental EMG was computed as a reference, as shown in Figure 6 and 7. In
Figure 6, to enable a fairer waveform comparison, both the experimental EMG and the predicted muscle activations were peak
normalised within the gait cycle for each muscle. As a result, this figure focuses on the timing and shape of the activation profiles,
while reducing the influence of differences in absolute amplitude scaling.

Figure 6 shows that, for both the optimal objective function and ExpTrack, the r values for muscles such as rectus femoris,

gluteus maximus, hamstrings, vasti, gastrocnemius and soleus were mostly below 0.7 and were even negative in some cases. The
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overall average r values were 0.32 and 0.28, respectively, far below 0.7. These results indicate that the predicted muscle activation
profiles show at most a broadly similar trend to the experimental EMG during certain phases, and that the overall agreement is very

weak.
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Figure 6. Comparison of muscle activation predicted by the optimal objective function combination and by ExpTrack with the

experimental data.
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Figure 7. Pearson r between muscle activation predicted by the optimal objective function combination and by ExpTrack and the
experimental data. Crosses indicate missing experimental data for which r could not be computed. For rectus femoris, gluteus

maximus and the hamstrings, the absence of bars indicates r values below zero and therefore extremely poor agreement.

4 Discussion
4.1 Optimal objective function

Based on the results of this study, under the reference condition of level walking at self-selected speed in healthy adults and
without  explicitly  prescribing  experimental  tracking  targets, the objective funcion contructed from
CoT+MusAct+HeadStab+FGImpact can be regarded as a physiologically plausible optimal objective function for the framework
consisting of the H1922 model, the reflex-based controllers, and CMA-ES optimisation algorithm. This objective function yields
strong agreement between the predictive results and the experimental data and is capable of generating 3D predictive gait

simulations that reproduce experimental gait with high fidelity.

4.2 Reproduction capabilities and limitations across planes and DOFs

From the results, the Pearson r between the predicted hip adduction angle and the experimental data is negative, indicating
extremely poor agreement. Figure 3 shows that, for both the optimal objective function and the direct tracking optimisation
(ExpTrack), the hip adduction angle waveform is almost opposite in shape to the experimental group mean. This phenomenon is
likely related to the way medio-lateral (ML) stability is represented in the current H1922 framework. In this model, ML stability is
primarily provided by two muscles: gluteus medius and adductor magnus. During the stance phase (0 to 50% gait cycle), the stance
leg gluteus medius remains highly activated for a prolonged period (Figure 6) to elevate the contralateral side of the pelvis and
create clearance for swing of the opposite leg. In the model, this tends to manifest as pronounced hip abduction on the stance side,
rather than the hip adduction observed in the experimental data. As a result, the hip adduction angle waveform becomes reversed in
shape relative to the experimental group mean, leading to a negative r.

For hip rotation angle, the r value of 0.58 falls within the moderate agreement range. However, in actual gait, hip rotation

exhibits substantial inter subject variability [43]. As shown in Figure 3, the predictive hip rotation curves remain within the
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experimental group mean + 1 SD range for most of the gait cycle, and the timing of the main peaks is reasonably close to that of the
experimental data. Therefore, although the Pearson r does not reach the strong range, the reproduction of hip rotation angle by the
current framework can still be considered acceptable when waveform shape and acceptable variability are taken into account.

For ML GREF, the r value of 0.59 also corresponds to moderate agreement. On the one hand, the absolute magnitude of ML
GREF is much smaller than that of vertical and AP GRFs, making it more susceptible to measurement noise and trial to trial or inter
subject variability in the experimental data. On the other hand, ML stability in the current H1922 model relies mainly on a limited
set of hip muscles (gluteus medius and adductor magnus) and a relatively simple trunk PD controller, without including additional
muscles that contribute to lateral control of the pelvis and trunk. This simplification allows the framework to generate a broadly
reasonable trend in ML GRF, but makes it difficult to match the finer amplitude modulation observed experimentally, leading to
only moderate agreement in the ML direction.

For joint power, Figure 3 shows that the overall trends of the predicted knee and hip power are broadly consistent with the
experimental data, but differences remain in amplitude and fine scale waveform shape. Since joint power equals joint moment
multiplied by joint angular velocity, the weaker agreement in hip power is mainly due to the weaker agreement in hip adduction
and hip rotation in the frontal and transverse planes. Weaker kinematics agreement leads to weaker agreement in joint angular
velocity. It is also noteworthy that, although both knee flexion angle and knee flexion moment show strong agreement, the
agreement for knee power is still clearly lower. This is because power is not an independently measured quantity but is computed
as the product of joint moment and angular velocity, P(t) = M(t)w(t), where w(t) = dB(t)/dt. In the predictive simulations of this
study, the time step is very small, with dt=0.01s. As a result, any error between the predicted and experimental joint angle
increment dO(t) can be amplified by the division by dt, effectively scaling the error by a factor of 100. Therefore, angular velocity,
as the first derivative of joint angle, is highly sensitive to small phase shifts and local waveform differences. In addition, errors in
the predicted moment and angular velocity can be further amplified through the product operation. For example, writing the
predicted joint moment and angular velocity as Mg =M, +AM and ®, =W, +Aw, the predicted joint power becomes P, =
MW, + M Aw + 0, AM + AMAw. This expansion shows that the power error terms Aw and AM are amplified by the multiplicative
factors. Consequently, joint power is often a more stringent metric than joint angle or moment. Even when angle and moment

exhibit high agreement, the agreement of power can still decrease substantially.

4.3 Muscle activation agreement

This study also compared the similarity in waveform shape between the predictive results and the experimental data at the
muscle activation level by computing Pearson r. Since the public dataset reported by Van Criekinge et al. does not include EMG
signals corresponding to the muscles in the H1922 model [43], experimental EMG profiles for rectus femoris, vasti, gluteus
maximus, hamstrings, tibialis anterior, gastrocnemius, and soleus were taken from the literature [48] as a reference. The two
sources are not fully matched in terms of subject cohort. In addition, the experimental EMG dataset does not cover all muscles
represented in the model. Moreover, EMG amplitude depends strongly on the normalisation method and measurement conditions
and is therefore not directly comparable to the framework predicted activations in absolute magnitude [49-50], so RMSE/SD was
not computed for this category. To focus the comparison on waveform shape rather than amplitude scaling, both the predicted
activations and the experimental EMG were peak normalised within the gait cycle for each muscle before Pearson r was calculated.
Based on these considerations, muscle activation was not included in the criteria for selecting the optimal objective function, and
Pearson r was used only as a qualitative reference to indicate potential limitations of the framework in reproducing muscle
activation patterns.

The results show that Pearson r was low for most muscles, and was even negative for some, with an overall average r far
below 0.7. This indicates that the predicted muscle activations exhibit only broadly similar trends to the experimental EMG for a
small number of muscles, as shown in Figure 6, and that the overall agreement is weak. Under the current data conditions, the
framework cannot satisfactorily reproduce the experimental EMG. However, this conclusion remains uncertain because the
experimental EMG is not fully matched to the model muscle set, and because the EMG acquisition and processing pipeline,
including electrode placement, filtering, rectification, envelope extraction, and normalisation, cannot be made fully consistent with

the settings used in this study. Therefore, the main value of this analysis is to suggest potential limitations of the framework at the
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muscle level, rather than to provide strong verification of performance in this category. Future work aiming for a more rigorous
verification of muscle activation should use an EMG dataset that closely matches the model muscle set and adopts a normalisation

scheme that is more consistent with the framework settings.

4.4 Limitations and future work

Several limitations of this study should be noted. First, verification of the framework was carried out only under the reference
condition of level walking at self-selected speed in healthy adults. The generalisability of this framework to other walking speeds,
slopes or pathological gait patterns has not yet been examined and will require further validation. Second, to reduce optimisation
time, the weights of the objective function were searched only within the finite discrete set {0.1, 1, 1.5}, rather than being
systematically explored in a continuous weight space using bilevel optimisation or Monte Carlo based approaches. The optimal
objective funcion reported in this study should therefore be interpreted as the best solution found within the current method, rather
than being guaranteed as a global optimum. Third, under the optimal objective function, the predicted walking speed was 1.01 m/s.
Although this value falls within the experimental speed range of 1.01 to 1.79 m/s, it lies at the lower bound of the range and is
below the experimental group mean of 1.24 m/s. Because the predicted walking speed corresponds only to the lower end of the
experimental walking speed distribution, comparing the predictive results with the experimental group mean does not constitute a
strictly speed matched comparison. Since joint angles, ground reaction forces, joint moments and joint powers are all highly
sensitive to walking speed, this lower speed may act as a potential confounding factor. Therefore, for biomechanical variables with
relatively low agreement, including medio-lateral ground reaction force, hip adduction, hip rotation, hip power and knee power, the
discrepancies between predictions and experimental data may partly arise from the speed mismatch rather than from limitations of
the framework itself. Future work could address this issue by imposing a strict target speed constraint or adding a speed tracking
term, or by selecting a speed matched experimental data, with a group mean walking speed close to the predicted value, when
recomputing agreement metrics, in order to more rigorously isolate the effect of walking speed.

Future work should therefore further validate and extend the present conclusions by performing more systematic weight
searches and testing the framework across multiple tasks and conditions, ideally using validation scenarios that match walking

speed.

Conclusion

By comparing four physiologically motivated optimisation criteria, this study identified CoT+MusAct+HeadStab+FGImpact
as the optimal objective function. Under this objective function, the predictive results achieved an overall average r of 0.74 and an
overall RMSE/SD of 1.56. These values are close to those obtained with ExpTrack, a tracking based objective function, with r of
0.77 and RMSE/SD of 1.36, suggesting that the predictive performance of this objective function approaches the upper
performance bound achievable within the current framework. Under the optimal objective function, the framework showed strong
agreement with the experimental data for sagittal plane kinematics, vertical and AP GRFs, all joint moments, and ankle power. This
indicates the strength of the framework in reproducing 3D gait. In contrast, only moderate agreement was observed for hip
adduction angle, ML GRF, knee power and hip power, suggesting that the current model still involves simplifications in ML
stability control and in certain aspects of energy transfer. These measures highlight the limitations of the framework and point to
potential improvements, including expanding the muscle set, for example by adding more trunk and hip surrounding muscles, and
refining the controller. At the muscle level, the experimental EMG data do not fully match the model muscle set, and agreement
between predicted activations and experimental EMG was very low for most muscles. This suggests potential limitations in
reproducing muscle activation patterns, although more rigorous verification will require future studies using EMG datasets that

better match the model muscle set and are processed under more consistent conditions.
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Appendix A

Table Al. Overview of the muscle parameters in the musculoskeletal model.

MTU in model Maximum isometric force Optimal fiber length Tendon slack length Pennation angle
Hamstrings 2594 0.0976 0.319 0.2025
Biceps femoris short head 804 0.1103 0.095 0.2147
Gluteus maximus 1944 0.1569 0.111 0.3822
lliopsoas 2186 0.1066 0.152 0.2496
Rectus femoris 1169 0.0759 0.3449 0.2426
Vasti 4530 0.0993 0.1231 0.0785
Gastrocnemius 2241 0.051 0.384 0.1728
Soleus 3549 0.044 0.248 0.4939
Tibialis anterior 1579 0.0683 0.243 0.1676
Gluteus medius 2045 0.0733 0.066 0.3578
Adductor magnus 2268 0.087 0.06 0.0873

Table A2. Overview of gait phases and muscle reflexes used in the controller

Early Stance Late Stance Lift Off Swing Landing
' L+, V+, L+, V+, L v+, L, V+, L v+,
Hamstrings F+ from gastroc, F+from gastroc,
P from pelvis tilt P from pelvis tilt
. . L+, V- L+, V
Biceps femoris short head iV iV F+ F+ F+
F+ from gastroc F+from gastroc
Gluteus maximus L+ L+ L L L
L+, L+, L+,
Iliopsoas 2186 0.1066 L from hamstrings, L from hamstrings, L from hamstrings,
P from pelvis tilt P from pelvis tilt P from pelvis tilt
. L+, L+,
Rectus femoris P from pelvis tilt P from pelvis tilt L L+ L+
. F+, L+, V+ F+, L+, V+
Vasti . )
L-&V- from bifemsh L-&V- from bifemsh
F L+, F, L+, F L+, F L+,

Gastrocnemius

Soleus

Tibialis anterior

Gluteus medius

Adductor magnus

F-from tib ant

F, L+,

F- from tib ant

F, L+,

F-&L- from soleus,
F-&L- from gastroc
L+, V4,

P from pelvis list

L+, V+,
P from pelvis list

F, L+,
F-from tib ant

F, L+,

F-from tib ant

F, L+,

F-&L- from soleus,
F-&L- from gastroc
L+, V+,

P from pelvis list

L+, V+,
P from pelvis list

F-fromtib ant

F, L+,
F-from tib ant

F, L+,
F-&L- from soleus,
F-&L- from gastroc

PD from hip adduction

PD from hip adduction

F-from tib ant

F, L+,
F- from tib ant

F, L+,
F-&L- from soleus,
F-&L- from gastroc

PD from hip adduction

PD from hip adduction

F-from tib ant

F, L+,

F- from tib ant

F, L+,

F-&L- from soleus,
F-&L- from gastroc

PD from hip adduction

PD from hip adduction
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Appendix B
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Figure B1. RMSE/SD between predictive results obtained with the optimal combination and ExpTrack and the experimental data.
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Figure B2. Pearson r between results by minimising four criteria and the experimental data. For hip ad-abduction and hip

internal-external rotation, the absence of bars indicates negative r values and therefore very poor agreement.
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Figure B3. RMSE/SD between results by minimising four criteria and the experimental data.
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Figure B4. Comparison between gait patterns predicted by minimising four criteria and the experimental data.
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Figure BS5. Pearson r between results by minimising different objective function combinations and the experimental data. For hip

ad-abduction and hip internal-external rotation, the absence of bars indicates negative r values and therefore very poor agreement.
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Figure B6. RMSE/SD between results by minimising different objective function combinations and the experimental data.

22



knee flexion ankle dors-plantarflex

0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100

hip flex-extension hip inter-external rotation hip ad-abduction
40 —
o 204 \
o //
4
o
[
]
—-204
T T T T T T T T T _20- T T T T T T T T T T T T T T T T T T
0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100
grf anterior-posterior grf vertical grf medio-lateral
~ 0.2+ 0.10 4
2
2 0.1
w 0.05 -
< 2
g 00 A
3
N 01 0.00
©
£ -0.24
£
]
€ -0.3-4 =0.05 1
0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100
knee ext-flexion moment ankle plantar-dorsflexion moment
s 1.5
X
=
£
= 1.0
=
<
[
£ 05
£
=
£
S 0.0
0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100
hip ext-flexion moment hip exte-internal rotation moment hip ad-abduction moment
0.2 1 0:2
0.1 0.0 B

0.0 1% -0.2

—0.14\\ ~0.4

-0.2 1 067

joint moment (Nm/kg)

—0.8
—0.3

T T T T T T T T T T T T T T T T T T -1.0 T T T T T T T T T
0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100 0O 10 20 30 40 50 60 70 80 90 100

knee power ankle power hip power

joint power (W/kg)

0 10 20 30 40 50 60 70 80 90 100 0O 10 20 30 40 50 60 70 80 90 100 0O 10 20 30 40 50 60 70 80 90 100
% gait cycle % gait cycle % gait cycle

CoT+FGImpact+HeadStab
CoT+MusAct+HeadStab
CoT+MusAct+HeadStab+FGImpact

experimental sd CoT+MusAct
experimental group mean CoT+HeadStab
CoT+FGImpact CoT+FGImpact+MusAct

Figure B7. Comparison between gait patterns predicted by minimising different objective function combinations and the

experimental data.
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