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Abstract

Ground reaction forces (GRFs) are crucial for understanding movement biomechanics and for
assessing the load on the musculoskeletal system. While inertial measurement units (IMUs)
are increasingly used for gait analysis in natural environments, they cannot directly capture
GRFs. Machine learning can be applied to predict 3D-GRFs based on IMU data. However,
previous studies mainly focused on vertical GRF (vGRF) and isolated movement tasks. This
study aimed to systematically evaluate the prediction accuracy of convolutional neural
networks (CNNs) for 3D-GRFs using IMUs from single and multiple sensor configurations
across various movement tasks. 20 healthy participants performed six movement tasks
including walking, stair ascent, stair descent, running, a running step turn and a running spin
turn at self-selected speeds. CNNs were trained to predict 3D-GRFs on IMU time series data
for different configurations (lower body [7 IMUs], single leg [4 IMUs], femur-tibia [2 IMUs],
tibia [1 IMU] and pelvis [1 IMU]). Prediction accuracies were assessed based on leave-one-
subject-out cross validations using Pearson correlation (r) and relative root mean squared
error (relRMSE). Across all tasks, CNNs predicted vGRF most accurately (r = 0.98, relRMSE <
7.44%), followed by anterior-posterior GRF (r > 0.92, relRMSE < 14.24%), with medial-lateral
GRF being the least accurate (r > 0.74, relRMSE < 29.46%). CNNs predicted vGRF consistently
across tasks, with similar accuracy for multi IMU (average r = 0.98, average relRMSE: 6.06%)
and single IMU configurations (average r = 0.98, average relRMSE: 6.88%), supporting single
IMU configurations for vGRF in practical applications. During cutting maneuvers, the lower
body configuration reduces the relRMSE for mIGRF (5.23-12.46%) and apGRF (1.53-3.16%)
compared to single IMU configurations. However, for mIGRF and apGRF during cutting tasks,
lower body configuration improve accuracy, highlighting a trade-off between simplicity and

performance.



1. Introduction

Ground reaction force (GRF), typically measured by force plates, is crucial in biomechanical
motion analysis, as it represents the force induced by a subject on the ground during
movement (Uchida & Delp, 2020). It plays a key role in identifying movement phases (Headon
& Curwen, 2001) and analyzing kinetics of movement in clinical (Nazmul Islam Shuzan et al.,
2023), therapeutic (Krafft et al., 2017), industrial (Hoogkamer et al., 2018) and training
contexts (Huang et al., 2023). In addition, it is an essential input for musculoskeletal modeling

(Sylvester et al., 2021).

Observational artefacts, such as the Hawthorne Effect, influence biomechanical time series,
highlighting the importance of outdoor research settings as gait parameters differ significantly
between controlled and natural environments (Jeon et al., 2023; Schmitt et al., 2021).
Researchers recommend focusing on natural environments with less-controlled conditions
(Benson et al., 2022). Wearable technologies, particularly inertial measurement units (IMUs),

are versatile tools increasingly applied outside laboratory settings (McDevitt et al., 2022).

Since IMUs lack direct kinetic data, machine learning (ML) methods are used to predict kinetic
information such as GRFs from kinematics (Lee & Lee, 2022; Stetter & Stein, 2024).
Comparisons of ML techniques, such as multilayer perceptron (MLP), convolutional neural
networks (CNNs), and long short-term memory networks (LSTM), show that CNNs slightly
outperform others. However, the task and dataset remain more critical than the ML
architecture (Altai et al.,, 2023; Mundt et al.,, 2021). Independent of the ML technique,
challenges persist in estimating anterior-posterior GRF (apGRF), medial-lateral GRF (mIGRF),
peak VGRF and GRF during double support phases (Ancillao et al., 2018). Furthermore,
significant research gaps in biomechanical datasets regarding task variety and comparability
of IMU configurations hinder progress (David et al., 2024). While common activities like
walking and running are well-studied, broader datasets are needed for diverse tasks (Lee &
Lee, 2022). IMU placement and the number of sensors as input for ML used vary across
studies. Single sensors on body segments (Jiang et al., 2020; M. Lee & Park, 2020; Lim et al.,
2019; Mantashloo et al., 2023) and combinations of multiple sensors (Mundt et al., 2021;
Stetter et al., 2020; Wouda et al., 2018) have both been used. For daily use, fewer sensors,
such as smartphone-based predictions, may suffice (De Brabandere et al., 2020). For clinical

or scientific applications, more sensors might be justified if they improve accuracy. Optimal



sensor placement as input for vGRF prediction also varies: the shank (Jiang et al., 2020), top
of the shoe (Havashinezhadian et al., 2023) and waist (Pimentel et al., 2024) have been
recommended. However, increasing IMU quantity does not necessarily improve prediction

accuracy (Moghadam et al., 2023).

The purposes of this study were: (1) to systematically compare the prediction accuracies of
five different ML inputs (lower body [7 IMUs], single leg [4 IMUs], femur-tibia [2 IMU], pelvis
[1 IMU] and tibia [1 IMU]); and (2) to analyze prediction accuracies across various movement

tasks: walking, stair ascent and descent, running, running step turn and spin turn.

2. Methods

2.1 Participants

A total of 20 healthy sport students (age: 24.61 £ 3.67 years; height: 1.72 + 0.09 m; body mass:
68.26 + 11.45 kg; 10 males, 10 females) participated in the study. Sample size was determined
based on related studies (n: 17 - 22; Alcantara et al., 2022; Altai et al., 2023; Leporace et al.,
2018). Participants were excluded if they had any recent lower body pain, neurological
disorders, spinal issues, or conditions affecting their gait. All participants provided written
informed consent prior to the measurements. The study was approved by the ethics

committee of the Karlsruhe Institute of Technology (KIT).

2.2 Experimental protocol and biomechanical data acquisition

All participants visited the biomechanics laboratory once. A total of 16 IMUs (2 feet, 2 shank,
2 femur, 1 pelvis, 1 lower spine, 1 upper spine, 2 upper arm, 2 lower arm, 2 hands, 1 head;
200 Hz, accelerometers + 200 g, gyroscopes + 7000°/s; 3D Ultium Motion, Noraxon, USA) were
attached to participants. 3D-GRF data were collected using two force plates: one integrated
in the ground (1000Hz, AMTI Inc., USA) used for all movement tasks apart from stair climbing
(Figure 2) and the other built into the fourth step of a seven-step staircase (Steingrebe et al.,
2025) used to collect stair climbing GRFs (1000Hz, custom-made) (Figure 3). Participants
completed 1-3 familiarization trials, followed by 10 valid trials (+10% of initial self-selected
speed, avoiding both feet on one force plate and proper execution) for each task, including
walking, stair ascent, stair descent, running, running step turn (45°+10° turn initiated from the

stance limb with external hip rotation), and spin turn (45°+10° turn initiated from the stance



limb with internal hip rotation). All tasks were performed at self-selected speeds to ensure
natural data acquisition (Padulo et al., 2023). Entry speed was measured using light gates (TAG
Heuer, Switzerland) placed just before the force plate over a 2m path (Figure 2). Data
collection systems were synchronized via an analog signal from the force plate system (Vicon

Lock+ Connectivity) with the IMU system (Noraxon Ultium Receiver).

2.3 Biomechanical data processing

Raw 3D-GRF and IMU signals were filtered with a 4t order 15Hz low-pass Butterworth filter
(Kristianslund et al., 2012). Ground contact was detected based on vGRF (threshold 20N)
(Stetter et al., 2019), and the 3D-GRF was normalized to body weight [N]. IMU measurements,
including 3D acceleration (converted to [m/s?]) and 3D angular velocity ([°/s]), were used. The
trigger signal segmented the IMU data according to the force plate, and stance phases were
determined based on the force plate’s ground contact timing. Time series data (GRF,
acceleration and angular velocity) were temporally normalized to 101 data points (0-100% of

stance phase) using cubic spline interpolation.

2.4 Machine learning

For each IMU configuration (Figure 1) one dataset was constructed, containing processed IMU
and GRF signal matrices from all stance phases (20 participants x 10 trials x 6 movement tasks).
All datasets were divided into training and test sets for model evaluation (Altai et al., 2023).
For each iteration, the test set included data from a single participant, while the training set
included data from the remaining 19 participants. This process was repeated for all 20
participants, generating 20 unique training and test sets (leave one subject out for cross
validation, LOSOCV). Data processing and 3D-array construction was performed using
MATLAB 2022b (The MathWorks, USA). ML modeling was conducted in Python (3.11.7), with
support from libraries tsai (0.3.8), pandas (2.2.3), numpy (2.0.2), scipy (1.14.1) and matplotlib
(3.8.0). The prepared training and test datasets (without the excluded participant) were
imported from MATLAB to Python. Five individual CNNs were trained (Figure 1) using filtered
and temporally normalized IMU inputs and filtered, bodyweight- and temporally normalized
3D-GRF outputs (see 2.3). The CNNs were trained on data from all six movement tasks in a
task-generalized manner to predict all three GRF components jointly, using an established

CNN for multivariate timeseries regression (Fauvel et al., 2021). The CNN is structured in two



parallel parts: one part applies 2D convolutional filters (Conv 2D) to extract features for each
observed variable (e.g., vertical acceleration). It includes Conv 2D (128 filters, kernel size:
window size x 1), followed by batch normalization (BN) and rectified linear unit activation
(ReLU). Next, 1x1 Conv 2D with ReLU reduces the number of parameters. The filters slide along
the time axis (stride=1), and same padding is used to maintain the temporal dimension
(T=101), corresponding the stance phase (0-100%). This results in a feature map for each
observed variable of size T x D, where D is the number of input variables which depends on
the IMU configuration (e.g., D=6 for tibia configuration). The second part, structurally identical
to the first, uses 1D convolution filters (Conv 1D) with a kernel size of window size x D to
extract and summarize key temporal dependencies and interactions across the IMU time
series, producing feature map of size T x 1. The feature maps from both parallel parts are then
fused into a single feature map of size T x (D + 1). After the feature maps are combined, the
next steps are done in sequence. The fused feature map is processed through a Conv 1D (BN
+ RelU, kernel size: window size x (D + 1)) followed by global average pooling to summarize
key features. Finally, the prediction is performed with a linear output layer (Altai et al., 2023;
Fauvel et al., 2021). The following hyperparameters were used: the adam optimizer was used
for its ability to handle noisy, high-dimensional data like 3D acceleration, angular velocity and
GRF (Kingma & Ba, 2014); and mean squared error (MSE) was chosen as the loss function to
emphasize larger errors. Training included 50 epochs, a batch size of 10, and a 100% window
size for extracting full stance phase features (Altai et al., 2023). A cyclical learning rate was

applied for improved accuracy and efficiency (Smith, 2017).

2.5 Statistical analysis

The predicted 3D-GRFs (pGRF) were evaluated against the reference 3D-GRFs for different
IMU configurations, different movement tasks and overall tasks using Pearson’s correlation
coefficient (r) and the relative Root Mean Squared Error (relRMSE) (Stetter et al., 2019). The
relRMSE, derived by dividing RMSE (Eq 1) by the mean peak-to-peak amplitude of pGRF and

reference GRF (Eq 2), enables comparison of time series with varying amplitudes.

100
_ L 2 Eq1l
RMSE = 1OOZ(GRF—pGRF) (Eq 1)

t=1



RMSE (Eq 2)
relRMSE =

5 * ((max(pGRF) — min(pGRF)) + (max(GRF) — min(GRF)))

For statistical analysis, the r values were transformed into Fisher-z for averaging and standard
deviation calculations, and then retransformed to the original scale. Correlation strength was
categorized as weak (r < 0.35), moderate (0.35 <r £0.67), strong (0.67 < r £0.90), or excellent
(r > 0.90) (Karatsidis et al., 2016; Stetter et al., 2020; Taylor, 1990). The significance level was
set a priori to a = 0.05. Task-specific coefficients of variation (CV) for the reference GRF were
calculated to assess GRF variability (Eq 3), using the absolute reference GRF to avoid a small
denominator caused by negative and positive values in the ML and AP components (Kowalski
et al., 2021).

_ ( std(GRF)

Average task-specific movement speeds were calculated across all trials of a task and reported
as mean and standard deviation (Table 3). All statistical analyses were performed in MATLAB

2022b (The MathWorks, USA).
3. Results

3.1 Overall performance across IMU configurations

Across all IMU configurations, the vGRF showed the highest accuracy (r: 0.98, relRMSE: 6.02%-
7.44%), followed by the apGRF (r: 0.92-0.95, relRMSE: 11.43%-14.24%) and the mIGRF (r: 0.74-
0.81, relRMSE: 21.89%-29.46%) (Table 1, Table 2). The pelvis configuration showed the lowest
accuracy across all GRF components, corresponding to lower r and upper relRMSE values
within the reported ranges. Other configurations showed minimal differences for vGRF (r:
0.98, relRMSE: 6.02%-6.31%) and apGRF (r: 0.95, relRMSE: 11.43%-12.22%) (Table 1, Table 2).
For mIGRF, the lower body configuration performed best with lower relRMSE outliers seen in

the violin boxplots (Figure 4).
3.2 Walking

In walking, the vGRF showed the highest accuracy (r: 0.97-0.98, relRMSE: 5.81%-7.08%),
followed by the apGRF (r: 0.96-0.97, relRMSE: 6.65%-9.29%) and the mIGRF (r: 0.66-0.75,



relRMSE: 18.38%-23.36%) (Table 1, Table 2). The pelvis configuration showed the lowest
accuracy across all GRF components, corresponding to lower r and upper relRMSE values
within the reported ranges. The single leg configuration performed best for 3D-GRF
prediction, corresponding to higher r and lower relRMSE values within the reported ranges.
Average walking speed was 1.38 + 0.11 m/s, and the reference apGRF (CV: 36.93 + 28.09%)
and vGRF (CV: 9.86 + 5.59%) showed the lowest CV across tasks (Table 3).

3.3 Stair ascent

In stair ascent, the vGRF showed the highest accuracy (r: 0.97, relRMSE: 6.47%-7.24%),
followed by the apGRF (r: 0.86-0.88, relRMSE: 14.56%-15.49%) and the mIGRF (r: 0.64-0.67,
relRMSE: 23.85%-25.50%) (Table 1, Table2). The accuracy of 3D-GRF prediction varied without
a clear best-performing configuration. Average stair ascent speed was 0.53 + 0.04 m/s, the
slowest speed across all tasks, and the reference apGRF (CV: 66.65 + 34.73%) showed the
highest CV (Table 3).

3.4 Stair descent

In stair descent, the vGRF showed the highest accuracy (r: 0.97, relRMSE: 5.99%-6.89%),
followed by the apGRF (r: 0.88-0.91, relRMSE: 10.93%-13.43%) and the mIGRF (r: 0.60-0.67,
relRMSE: 22.18%-26.00%) (Table 1, Table 2). The pelvis configuration showed the lowest
accuracy for apGRF and mIGRF, corresponding to lower r and upper relRMSE values within the
reported ranges. Average stair descent speed was 0.59 + 0.07 m/s, the second slowest speed
across all tasks, with the reference apGRF (CV: 65.06 + 33.03%) showing a comparable CV to

stair ascent (Table 3).
3.5 Running

In running, the vGRF showed the highest accuracy (r: 0.99, relRMSE: 4.55%-6.48%), followed
by the apGRF (r: 0.94-0.97, relRMSE: 10.32%-14.40%) and mIGRF (r: 0.46-0.68, relRMSE:
32.15%-49.27%) (Table 1, Table 2). The pelvis configuration showed the lowest accuracy for
apGRF and mIGRF, corresponding to lower r and upper relRMSE values within the reported
ranges. The tibia configuration was the only one with strong correlations (r > 0.68) for the
mIGRF (Table 1). The prediction accuracy for running was strongest for vGRF and weakest for
mIGRF. Average running speed was 2.67 £ 0.32 m/s, the fastest speed across all tasks, with

the highest CV for the mIGRF (91.82 + 29.01%) across all tasks (Table 3).



3.6 Running step turn

In the running step turn, the vGRF showed the highest accuracy (r: 0.98, relRMSE: 6.39%-
8.40%), followed by the apGRF (r: 0.93-0.96, relRMSE: 13.11%-16.27%) and the mIGRF (r: 0.93-
0.96, relRMSE: 14.07%-26.53%) (Table 1, Table 2). The lower body and single leg
configurations performed best for the mIGRF, showing fewer relRMSE outliers compared to
the other IMU configurations (Figure 4). Average running step turn speed was 2.64 + 0.30 m/s,
the second fastest speed across all tasks, with the lowest CV for the mIGRF (39.82 + 18.59%)

across all tasks (Table 3).
3.7 Running spin turn

In the running spin turn, the vGRF showed the highest accuracy (r: 0.98-0.99, relRMSE: 6.02%-
8.82%), followed by the apGRF (r: 0.93-0.96, relRMSE: 12.45%-16.56%) and the mIGRF (r: 0.85-
0.93, relRMSE: 18.65%-25.76%) (Table 1, Table 2). The lower body configuration performed
best for the mIGRF, showing fewer relRMSE outliers compared to the other IMU
configurations (Figure 4). Average running spin turn speed was 2.58 + 0.27 m/s, the third
fastest speed across all tasks, with the highest CV for the vGRF (25.92 + 13.99%) across all
tasks (Table 3).

4, Discussion

This study aimed to systematically evaluate CNN prediction accuracies, trained on different
movement tasks, for 3D-GRFs using IMU data from different sensor configurations. The key
findings are: first, CNNs predicted the vGRF with the highest accuracy consistently across all
movement tasks, regardless of the IMU configuration. Second, a similar pattern was observed
for apGRF, though its predictive performance was slightly lower and less consistent than vGRF.
Third, in contrast, mIGRF was the most challenging force component to predict across all
configurations. Fourth, CNNs trained on lower body and single leg configurations performed
noticeably better for mIGRF during cutting maneuvers (running spin turn and step turn) than
other configurations. Fifth, CNNs based on the pelvis configuration showed the weakest
predictive performance for 3D-GRF across all movement tasks but remained solid for vGRF
prediction. Sixth, GRF components with high CV in the training reference data were predicted

less accurately by the CNN.

4.1 Effects of movement task on the different GRF dimensions



For vGRF, running yielded the highest prediction accuracy (r = 0.99, relRMSE = 4.55%), slightly
higher than previous studies (r: 0.96-97, relRMSE: 6.40%-13.92%; Alcantara et al., 2022;
Johnson et al., 2021; Scheltinga et al., 2023; Wouda et al., 2018). Walking (r = 0.98, relRMSE =
5.81%) and stair tasks (stair ascent: r = 0.97, relRMSE = 6.47%; stair descent: r =0.97, relRMSE
= 5.99%) also yielded accurate predictions, although slightly inferior to running, that fit well
with the results in the literature for walking (e.g., r: 0.95-0.99, relRMSE: 2.32%-7.40%; Hossain
et al., 2023; Jiang et al., 2020; M. Lee & Park, 2020; Lim et al., 2019; Mantashloo et al., 2023)
and stair ascent and descent (r = 0.98 and relRMSE = 4.51%; Hossain et al., 2023). The running
step turn (r = 0.98, relRMSE = 6.39%) and spin turn (r = 0.99, relRMSE = 6.02%) were predicted
with accuracies comparable to other tasks (e.g. running) and add to the current literature, as
these tasks have not been considered so far. Notably, the variability of the reference vGRF
(CV: 9.86%—25.92%) was lowest among all GRF components, which likely contributed to the

consistently high prediction accuracy for this force component.

For apGRF, walking had the best prediction accuracy (r = 0.97, relRMSE = 6.65%) followed by
running (r = 0.97, relRMSE = 10.32%), consistent with other studies for walking (e.g., r: 0.93-
0.99, relRMSE: 2.13%-9.21%; M. Lee & Park, 2020; Lim et al., 2019; Mantashloo et al., 2023)
and running (r: 0.91-0.96, relRMSE: 7.80%-17.06%; Johnson et al., 2021; Scheltinga et al.,
2023). The predicted apGRF for stair ascent (r = 0.88, relRMSE = 14.56%) and stair descent (r
= 0.91, relRMSE = 10.93%) was slightly lower and also showed lower accuracy compared to
reported results (r = 0.92, reRMSE = 4.64%; Hossain et al., 2023). Additionally, the running
step turn (r =0.96, relRMSE = 13.11%) and spin turn (r = 0.96, relRMSE = 12.45%) showed good
accuracy for apGRF predictions. However, outliers (Figure 4) were likely caused by the dynamic
nature and multiplanar execution of the movement, as well as variability in reference apGRF
(CV: 42.78%—-56.76%). These factors may have led to slightly lower prediction accuracy for a
few individual trials. The apGRF showed good predictability but was less accurate than vGRF,
likely due to its lower magnitude (Figure 5 — Figure 7) and more variation across tasks and
individual techniques in movement execution. However, the CNNs were able to handle this to

a large extent.

Our mIGRF prediction for running are worse than those reported in other studies (r: 0.58-0.87,
relRMSE = 10.80%-21.56%; Johnson et al.,, 2021; Scheltinga et al., 2023), but they are
consistent in the sense that they also represent the poorest predictions observed within the

mIGRF framework. A potential reason for the limited prediction accuracy and outliers is the



high variability observed in reference mIGRF. Among all tasks, mIGRF variability was highest
for running (CV: 91.81%), which corresponded with relatively low prediction accuracy (r = 0.68,
relRMSE = 32.15%). This, combined with low amplitudes (Figure 5) and inter-individual
differences (Zinner & Sperlich, 2016), likely contributed to the reduced prediction
performance. Additionally, stair ascent (r = 0.67, relRMSE = 23.85) and descent (r = 0.67,
relRMSE = 22.18%) showed lower prediction accuracy compared to Hossain et al., 2023 (r =
0.88, relRMSE = 8.16%). In contrast, predicted mIGRF in walking (r = 0.75, relRMSE = 18.38%)
showed comparable prediction accuracy to the literature (r: 0.79-0.80, relRMSE: 15.55%-
18.50%; Karatsidis et al., 2016; M. Lee & Park, 2020). Tasks with directional changes, like
running step turns (r = 0.96, relRMSE = 14.07%) and spin turns (r = 0.93, relRMSE = 18.65%),
showed the highest prediction accuracies for mIGRF compared to the other tasks, probably
due to their higher amplitudes (Dixon et al., 2014; Figure 7) and lower reference mIGRF
variability (CV: 39.82% — 47.86%) compared to the other tasks (Table 3). Consistent force time
series were likely easier for the CNN to learn, with the stronger lateral movements during
direction changes enhancing IMU signals in these directions and improving predictions. While
unique patterns are visible, underestimations explain the strong correlation despite the higher
relRMSE, especially in cutting movements (Figure 7). The variability in reference mIGRF can be
explained by multiple factors, such as gender differences, leg alignment, step width and foot
placement (Racic et al., 2009). Our results suggest that high variability in the targeted model
output may reduce prediction accuracy, as seen with mIGRF, which exhibited both the lowest
performance and the highest variability. This may also be related to the lower sensitivity of
IMUs to lateral motion during straight-line tasks, where most movement occurs in vertical or
forward directions. To improve the prediction accuracy of the mIGRF, several options could
be explored. Hyperparameter tuning, such as adjusting the window size, batch size, or number
of training epochs, could help. While task-specific networks (Shah & Dixon, 2025) might

improve mIGRF prediction performance for certain movements, their practical value is limited.
4.2 Effects of the placement and the number of IMUs on prediction accuracy

The CNNs predicted vGRF accurately for specific movement tasks, regardless of the IMU
configuration used as input. A similar pattern was observed for the apGRF, which was
predicted with nearly identical accuracy across all tasks except for cutting movements. In this
context, the lower body configuration and single leg configuration showed slightly lower

relRMSEs compared to other configurations. However, the pelvis configuration performed



with limited accuracy across tasks, with about 1-2% higher reRMSE for vGRF, 2-4% for apGRF
and 2-17% for mIGRF. This is different from earlier studies (Pimentel et al., 2024), which found
that the pelvis configuration worked best for predicting vGRF using multi-layer perceptron
models. The pelvis sensor is often chosen because it tracks the center of mass (CoM), which
relates well to external forces (Lim et al., 2019; Pimentel et al., 2024). However, the pelvis
sensor is potentially less sensitive to specific changes in movement tasks that require rapid
shifts in body posture, such as cutting movements. In contrast, sensors placed closer to the
contact points with the ground, like the tibia, provide more accurate and relevant data for
such predictions due to their higher sensitivity to these changes. Pelvis-based CNNs tend to
underestimate 3D GRFs across tasks (Figure 5 — Figure 7), which may explain their poor
performance and the difficulty in predicting accurate peak vGRF reported in the literature
(Ancillao et al., 2018). Feature engineering, such as adding jerk or orientation, or alternatively
reducing input dimensionality (Barua et al., 2021), could influence the prediction accuracy of
the pelvis configuration, or even other configurations. However, both methods remain
speculative and were not explored in this study. Earlier research (Moghadam et al., 2023)
showed that adding more IMUs does not improve Random Forest predictions of joint
moments during gait. Interestingly, CNNs trained on a lower body configuration perform much
better at predicting mIGRF during cutting movements and slightly better for walking. Violin
plots showed smaller outliers for a lower body configuration in these tasks (Figure 4).
Compared to the single leg configuration, the lower body configuration reduces relRMSE by
2-4%, while the pelvis configuration shows a 7-12% higher relRMSE compared to the lower
body configuration. We assume that including data from the contralateral leg provides the
CNN with more non-redundant information to better generalize the mIGRF. Additionally, the
lower body configuration resolves mIGRF underestimations in the running step turn but not
in the running spin turn (Figure 7), where strong trunk rotation suggests that a sensor on the

thoracic or cervical spine could help.

Placing a single sensor on the tibia and using a Random Forest model has been shown to be
the best predictor of vGRF during walking (Jiang et al., 2020). Our results support this sensor
configuration, showing that a tibia sensor on the relevant leg gives good accuracy across tasks
and is likely comparable to the lower body and single leg configurations. The sensor is close to

the contact point while remaining in motion throughout certain parts of the stance phase,



meaning that it provides the CNN with relevant information; unlike a foot sensor which stays

relatively still during some parts of the stance phase.
4.3 Limitations

This study aimed to address certain challenges of laboratory-based research; however, the
dataset was collected in a controlled lab environment. Generalizing the results to natural
environment remains uncertain, as environmental variability could affect the prediction
accuracy. Future studies that predict GRFs on lab-based data should validate whether similar
prediction accuracy can be achieved under natural conditions. The data underwent common
preprocessing, including filtering, normalization and time alighment. While this reduced
variability and ensured consistent input for the CNN, preprocessing may influence prediction
accuracy and complicate implementation in real-world scenarios (Jlassi & Dixon, 2024). To
maintain consistency, we used the same hyperparameters across all datasets, except for
learning rate. However, hyperparameters tailored to specific IMU configurations could yield
different results. While the CNN model was selected for its prior success in predicting joint
moments (Altai et al., 2023), it cannot be excluded that other models might perform
comparably or even better for GRFs. The relatively small sample size (n = 20) limits
generalizability. However, we used LOSOCV, a stringent validation method. Additionally,
comparing IMU configurations is inherently complex. Even with single IMU configurations,
sensor placement on different body regions can vary (e.g., proximal or distal positions). Multi-
IMU configurations further complicate comparisons due to the vast number of possible
configurations. Additionally, multi-IMU configurations involve a trade-off: while they may
improve performance in complex tasks like cutting, they also increase computational time,
and accumulate placement errors (Tan et al., 2019) across body segments. Moreover, wearing
multiple sensors can reduce user comfort and acceptance, limiting practicality for everyday
use and making such configurations more suitable for research environments. Future work
aiming to maximize GRF prediction accuracy may benefit from combining IMU data with other

inputs, like plantar pressure.
4.4 Conclusion

Regardless of IMU configuration, our findings show that CNNs can predict vGRF with high
accuracy, followed by apGRF and mIGRF, across movement tasks. However, the predictive

performance of CNNs may be negatively affected by high variability in biomechanical time



series, such as observed for the mIGRF, especially with small datasets. Despite its proximity to
the CoM, the pelvis configuration consistently showed limited prediction accuracy for 3D-
GREFs, represented by the underestimation of 3D-GRF across all movement tasks. For everyday
activities like walking and stair climbing, single-sensor configurations perform comparably to
multi-sensor configurations. However, during cutting tasks, lower body or single leg IMU
configurations outperform other configurations in predicting the mIGRF. If the focus is
exclusively on vGRF prediction, multi-IMU configurations offer no clear advantages. While the
tibia configuration performs slightly better, the pelvis configuration is a practical alternative
with comparable accuracy for vGRF. Single-sensor solutions are particularly appealing due to
their simplicity, cost-effectiveness, energy efficiency, and user-friendliness, making them ideal
for mobile health assessment, clinical gait analysis and sports performance monitoring. In
scenarios requiring highly accurate predictions of 3D-GRF components (such as sports or real-
world joint kinetics calculations), lower body or single leg IMU configurations are suggested
based on the findings of this study. Additionally, a tibia sensor alone can provide similar
accuracy and offers a practical solution. These insights highlight the importance of adjusting
IMU configurations for specific applications: balancing simplicity, practicality and accuracy to

meet the needs of clinical, sports and everyday wearable technologies.
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Figure 1: Different IMU configurations from various body regions used as input for the CNN.
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Figure 2: Schematic diagram of the laboratory setup for overground locomotion tasks (walking, running, running spin turn and running step
turn).



Figure 3: Picture of the instrumented staircase. Three-dimensional force plates in steps four and five from the bottom, one-dimensional
force plates in steps one to three and six. Riser height = 17 cm, tread = 28 c¢m, inclination angle = 31.26° (Steingrebe et al., 2025).
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Figure 4: Violin boxplots of the 3D-GRF predictions for the different IMU configurations and movement tasks.
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Figure 5: Predicted GRF time series (colored) and reference data (black) for walking and running based on different IMU configurations (from top to bottom). Data are pr
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Figure 7: Predicted GRF time series (colored) and reference data (black) for running step turn and running spin turn based on different IMU configurations (from top to b



lable 1: GRF prediction accuracies for difterent IIMIU contigurations and movement tasks. Accuracy (Pearson’s correlation coetticient, r) ot
predicted GRFs are presented as mean + standard deviations of the cross validation where one subject was excluded. All correlation coefficients
were significant (p < 0.001).

Categorization of the Pearson correlation coefficient

Strong Moderate
0.67<r<0.90 0.35<r<0.67
| Task GRF Pearson correlation coefficient [r]
apGRF
Walking | mIGRF
vGRF
Stair apGRF 0.86 +0.20 0.88+0.17 0.87 £0.23 0.87 £0.22 0.87 £ 0.25
mIGRF 0.64 £0.21 0.67 £0.24 0.64 +0.22 0.66 +0.23 0.64 £0.19
ascent
VGRF
Stair apGRF 0.90+£0.16 0.88 £ 0.29 0.90+0.19
mIGRF |  0.61+0.15 0.60+0.21 0.65+0.18
descent
VGRF
apGRF
Running | mIGRF
vGRF
Running apGRF
Sunni"E | micr
VGRF
Runnin apGRF
step turgn mIGRF
VGRF
apGRF
overall | miGRF
VGRF



Table 2: GRF prediction accuracies for different IMU configurations and movement tasks. Accuracy relative to the root mean squared error
(relRMSE) of predicted GRFs are presented as mean * standard deviations of the cross validation.

Ranges of reIRMSE

10% < relRMSE < 20%

20% < relRMSE < 30%

Pelvis

Task GRF Relative Root Mean Squared Error [%]
apGRF
Walking | mIGRF
VvGRF
ascent mIGRF 24.60 £ 6.31 23.91+£5.77 25.30+£5.71 25.5+7.10 23.85+5.16
VGRF
P mIGRF 22.45+3.76 22.58 £+ 6.52 22.18 +5.16 26.00 £ 7.23 23.05+5.34
VvGRF
apGRF
Running | mIGRF
VGRF
vt apGRF 13.48 £4.52 12.45 +3.99 14.15 +£5.70 16.56 £ 6.79 15.03 £5.95
spin turn mIGRF | 18.65+11.14 22.04+17.76 24.60 + 17.95 25.76 + 19.63 23.88 + 16.09
vGRF
Running apGRF 13.11+6.31 13.59 +5.29 14.31+£7.21 16.27 £5.84 14.72 £ 6.62
step turn mIGRF 14.07 £7.02 16.14 £10.76 21.56 £ 19.92 26.53 £19.45 18.64 £ 13.80
apGRF 11.88 + 4.60 11.43+4.23 12.01 £5.20 14.24 £5.43 12.22 +5.31
Overall mIGRF 21.89 +10.00 23.79 £ 14.08 25.04 + 14.45 29.46 £ 17.21 23.66 £ 11.45
VvGRF

Table 3: Mean and standard deviation of the coefficient of variation (CV) [%] for the reference ground reaction force and movement speed [m/s]

for the individual movement tasks.

Walking Stair ascent Stair decent Running Rtfnnmg Running
spin turn step turn
CV apGRF
(%] 36.93£28.09 | 66.65+*34.73 65.06 £ 33.03 44.33 £ 28.70 56.76 £ 23.92 42.78 £ 23.94
v T:/I?RF 56.01 £+30.81 | 56.27 +£32.88 42.36 +17.76 91.82 +29.01 47.86 £ 26.17 39.82 £ 18.59
()
Cv[\:/GiRF 9.86 + 5.59 12.68 +7.11 14.85 +6.20 14.54 + 3.81 25.92 +13.99 19.12+7.78
(o)
Speed
[(m/s] 1.38+0.11 0.53+0.04 0.59 £ 0.07 2.67 £0.32 2.58 £0.27 2.64 +£0.30




