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ARTICLE INFO ABSTRACT

Keywords: Deficits in trunk control, commonly observed in individuals with neurological conditions, can significantly
Body-machine interface impair balance, posture, and functional movements. Body-machine interfaces (BoMIs) are promising tools for
EMG

trunk rehabilitation, as they can provide real-time feedback on user movements and muscle activity, allowing
for continuous monitoring and guidance during motor control training. However, research on BoMIs for trunk
rehabilitation is limited, and current methods often lack precision in addressing trunk muscle deficits. This
work introduces a BoMI that combines trunk electromyography (EMG) and motion data to selectively modulate
trunk muscle activity during motor control tasks. The system utilizes machine learning to generate personalized
trunk motion trajectories based on predefined EMG profiles. Each trajectory is displayed on a screen as a
moving target, which users must follow by controlling the BoMI with their trunk movements. We hypothesize
that by visually guiding users to track these generated trajectories, the BoMI could evoke the EMG patterns
implicitly encoded within them. Tested with neurotypical individuals, the BoMI effectively elicited the desired
trunk EMG profiles, achieving a mean similarity index of 0.82 + 0.13, a correlation coefficient of 0.95 + 0.03,
and minimal timing mismatches. These results support the feasibility of using an EMG-based BoMI for precise
trunk muscle training, which could potentially assist therapists in more efficiently monitoring and adjusting
patients’ muscle engagement during interventions. Future work will focus on developing a control framework to
dynamically adapt task difficulty to users’ needs, expanding the approach to include additional trunk muscles,
and evaluating its translation to individuals with trunk muscle impairments.

Human-machine interface
Machine learning
Rehabilitation

Trunk motor training

1. Introduction targeted exercises that improve both muscle strength and coordina-
tion [9,10]. By converting residual muscle activity or movements into
The loss of trunk control is a common and debilitating consequence control signals for external devices, BoMIs enable interaction with
of stroke, spinal cord injury (SCI), and other neuromuscular conditions,
severely compromising the ability to perform daily activities and reduc-
ing the quality of life of the affected individuals [1-3]. Deficits in trunk
control are often linked to trunk muscle weakness, paralysis, and spas-
ticity, resulting in incorrect muscle activations, insufficient segmental
stiffness, and unstable posture [4,5]. Given the trunk’s essential role in

breathing, postural stability, and supporting limb movements, restoring

various technologies while promoting motor learning [11-13].

While BoMIs have shown promising results in improving upper
limb function in individuals with neurological disorders [9,14,15], their
potential for trunk rehabilitation remains underexplored [16,17]. This
is primarily due to the historical focus on arm function recovery for
daily activities and the dominance of arm-reaching tasks in motor

trunk function emerges as one of the top priorities in rehabilitation after
neurological injury [6,7].

Effective trunk rehabilitation requires not only addressing mus-
cle strength and endurance, but also enhancing sensorimotor control
to ensure proper muscle activation and coordination during dynamic
tasks [8]. Body—machine interfaces (BoMlIs) can play a key role in this
process by providing real-time feedback and guiding users through

* Corresponding author.

learning research [6,18,19]. Nevertheless, many individuals with trunk
impairments, especially wheelchair users, could greatly benefit from
BoMIs focused on trunk motor control training. By helping to regain
trunk strength and sitting stability, BoMI-based training could improve
functional arm use, facilitate transfers, and reduce pressure sores and
compensatory movements [20,21].
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Fig. 1. Experimental setup and BoMI framework for targeted trunk muscle activation. A participant performs trunk movement tasks displayed on a screen while surface EMG
activity is recorded from trunk muscles, including the erector spinae and external obliques, and an IMU captures trunk angular position and velocity. Data streams to a computer
for online processing and feedback. The experimental protocol includes (1) BoMI calibration to establish the forward map linking trunk motion to cursor position, (2) sensor
data collection during multi-directional trunk leaning movements, (3) neural network training to learn the subject-specific EMG-to-kinematics mapping, (4) generation of reference
trunk trajectories from target EMG profiles, and (5) trajectory tracking, where the participant controls the cursor to follow the target trajectory while eliciting the target muscle

activation pattern.

Among the few BoMIs developed for trunk motor training, most
rely on movement-based systems that use cameras or inertial mea-
surement units (IMUs) to track body motion and map it into cursor
movements [16,17,22]. Although these systems can effectively rein-
force movement patterns and improve posture, they are limited in
their ability to address underlying deficits in muscle activation, such as
abnormal muscle synergies or co-activation patterns common in stroke
and SCI patients [23,24]. Integrating electromyography (EMG) sensors
into BoMIs could offer a more precise method for targeting muscle ac-
tivation, directly addressing motor control issues related to the timing,
strength, and coordination of muscle contractions [25-27]. Moreover,
EMG-based BoMIs have been shown to enhance voluntary muscle con-
trol in people with stroke, SCI, and multiple sclerosis, underscoring
their potential to improve rehabilitation outcomes [14,15,25,26,28].

In traditional EMG-based BoMIs, the EMG amplitude of relevant
muscles is mapped to cursor movement, requiring users to focus on
activating specific muscles for each cursor direction [29,30]. While
this method has been successful in reducing abnormal co-activations
in arm muscles [15,31,32], it can be physically and mentally taxing,
limiting the number of muscles that can be targeted simultaneously.
Furthermore, the one-to-one mapping in proportional EMG control is
not suitable for handling complex EMG patterns, which are essential

for trunk stabilization and control [33]. To address these challenges,
machine learning techniques, such as dimensionality reduction or re-
gression models, offer a promising solution by simplifying the mapping
of complex EMG patterns into intuitive cursor actions, thereby reducing
both cognitive and physical demands [34-36]. Additionally, incorpo-
rating innovative biofeedback strategies, like linking EMG amplitude
to cursor visibility or providing performance scores based on correct
muscle activations, could further alleviate cognitive load and enhance
user experience [14,24].

In this work, we present a BoMI that combines trunk movement and
surface EMG data, aiming to achieve selective and precise activation
of trunk muscles during motor control exercises. The interface consists
of two main components: (1) trunk movements are mapped to control
a cursor within a 2D visual interface, and (2) a user-customized, pre-
trained neural network model generates target motion trajectories on
the screen based on predefined muscle activation patterns (see Fig. 1).
These trajectories, encoding desired muscle activations, are displayed
as moving targets for users to track with their trunk movements. By
shifting the focus to tracking visual targets instead of consciously
activating specific muscles, this approach could reduce cognitive load
and facilitate muscle engagement.

The objective of this study was to evaluate the feasibility of the
BoMI in effectively eliciting the desired muscle activation patterns
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through visual feedback. To achieve this, we conducted a study with
neurotypical individuals who used the BoMI to track visual trajectories
generated from their own trunk data. The system’s performance was
assessed by comparing the similarity between the target muscle acti-
vation profiles and the elicited ones. Establishing this capability is a
critical step towards integrating the BoMI into rehabilitation protocols,
where it could enable precise, goal-oriented trunk muscle training.
By allowing therapists to define target muscle activation patterns and
adapt tasks based on real-time feedback, the system has the potential
to support more effective and personalized rehabilitation strategies.

1.1. Contributions

To the best of our knowledge, this is the first EMG-based BoMI
designed for trunk rehabilitation. Unlike traditional EMG-based BoMIs
used in clinical settings, which provide isolated, proportional feedback
on individual muscle contractions without considering intermuscular
coordination or movement context, our BoMI links EMG activation with
functional trunk motion, enabling multi-muscle engagement during
dynamic tasks. Specifically, we propose:

1. A machine learning-based approach that captures the user’s
EMG-motion relationship to generate personalized trunk move-
ment exercises, adapted to each individual’s neuromuscular pat-
terns.

2. A novel biofeedback paradigm, where muscle activation is im-
plicitly controlled through movement, rather than requiring
users to explicitly contract specific muscles, fostering more
intuitive engagement.

3. An integrated system that provides real-time visual feedback
to guide movement execution and promote continuous, coordi-
nated activation of multiple muscles, moving beyond traditional
biofeedback focused on isolated activations or discrete EMG
thresholds.

By overcoming the limitations of conventional EMG and motion-based
BoMIs, our system could offer a more personalized, intuitive and func-
tional approach to trunk motor training.

2. Methods
2.1. Sensor data acquisition and processing

We designed a BoMI that integrates two sensor modalities: surface
EMG and an IMU. The IMU is responsible for detecting trunk motion
and controlling the cursor in real time (explained in Section 2.2), while
the EMG data informs the generation of visual trajectories for users to
track (Section 2.3).

The IMU sensor (MTw Awinda, Xsens Technologies, Enschede, NL)
is positioned above the subject’s sternum with its x-axis aligned with
the trunk length and the z-axis pointing forward. After an initial pose
calibration, trunk frontal and lateral angular positions are obtained
from the IMU’s pitch and yaw angles, respectively. Both the trunk
angular positions and velocities are acquired at 120 Hz using a ROS
wrapper [37].

Surface EMG signals are recorded from four trunk muscles using
a portable EMG system (Sessantaquattro+, OT Bioelettronica, Turin,
IT), streaming data at 2 kHz. Bipolar pre-gelled Ag-AgCl electrodes are
placed bilaterally over the lumbar erector spinae (ES) and abdominal
external oblique (EO) muscles, following established guidelines [38].
These muscles were selected due to their crucial role in seated postural
stabilization during trunk flexion and extension [39]. The EMG signals
are preprocessed using a second-order Butterworth band-pass filter (f,
= 10-400 Hz), followed by a second-order high-pass filter (f, = 30 Hz)
to remove electrocardiographic contamination [40]. The root mean
square (RMS) of the EMG signal is then computed from 150 ms time
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windows with a 10 ms time step, and filtered using a fourth-order
low-pass filter (f. = 20 Hz).

The interface software, implemented in Python and ROS, ensures
effective parallelization and real-time synchronization of data from
both sensors. Using ROS’s modular architecture, we structured interface
functionalities into dedicated nodes, handling tasks such as real-time
data processing, data recording, and graphical interface displays.

2.2. Body-to-cursor mapping

To control the cursor, the IMU data are used to estimate the trunk
angular position, 6 = [a, §]”, where a and § represent the trunk flexion
angles in the sagittal and frontal planes, respectively (Fig. 2). The
trunk configuration vector, 0, is then mapped onto the visual interface
through the following affine transformation:

p=H:-0+b, 1)

where p = [px,py]T denotes the cursor position, and b represents a
position offset that aligns the trunk’s neutral position with the screen’s
center. The matrix H is determined through a calibration process in
which participants perform trunk flexion and extension movements to
the front, back, and sides while seated. The maximum trunk range
of motion (ROM) in each direction is then scaled to fit the screen
dimensions, mapping frontal flexion and extension to vertical cursor
movements and lateral flexion to horizontal movements.

2.3. Trunk trajectory generation

Accurately predicting movement trajectories from EMG signals re-
mains a core challenge in fields such as prosthetics and assistive
robotics [41,42]. This task requires modeling the complex, time-
dependent, and often nonlinear relationship between muscle activity
and motion [43]. Classical regression methods are commonly used
to learn a direct mapping from EMG features (e.g. amplitudes) to
kinematic outputs (e.g. joint angles) [44]. However, they typically
process each time point independently, ignoring the temporal structure
of the data. This limits their ability to model how past muscle activ-
ity shapes current movement, often resulting in inaccurate trajectory
predictions [45].

To overcome these limitations and generate trunk trajectories from
predefined EMG profiles, we adopt long short-term memory (LSTM)
networks [46] — a class of recurrent neural networks specifically
designed to model sequential data. Unlike conventional models, LSTMs
incorporate an internal memory cell that selectively retains or dis-
cards information over time through gated mechanisms. This structure
enables LSTMs to model temporal dependencies, making them par-
ticularly well-suited for capturing the dynamic relationship between
EMG and movement. LSTMs have been successfully applied to decode
upper and lower limb kinematics from EMG data [47-50]. Building on
this foundation, we extend the use of LSTMs to trunk EMG, aiming to
generate accurate, EMG-driven trunk motion trajectories.

2.3.1. Trunk modeling

To evaluate the feasibility of using LSTMs for trunk motion de-
coding from EMG data, we started by implementing an inverted pen-
dulum model to simulate trunk dynamics [51]. This model approx-
imates the trunk as a rigid body fixed at the pelvis and subject to
muscle-generated forces. The pendulum’s motion is described by the
second-order differential equation [52]:

o 0,0,u), )]

= Yyendulum

where the angular acceleration (§) depends on angular position (6),
angular velocity (), and applied forces (u). These forces, applied along
vertical and horizontal axes, generate torques at the pendulum’s base
that control its motion, similar to how muscle forces (such as those from
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Fig. 2. Body-machine interface overview. The IMU measures trunk frontal and lateral flexion angles (A), determining the trunk’s angular position, which is mapped to cursor

position on the visual interface (B).

the ES muscles for trunk flexion/extension and EO for lateral bending)
generate torques at the lumbar spine to control trunk movement.

This model allows us to generate synthetic data for trunk motion,
providing a controlled environment to train and evaluate LSTM models
(described in Section 3.1). During training, the LSTM learns to predict
the pendulum’s kinematic state from past input sequences that may
include force, position, and velocity. However, during testing, the BoMI
relies solely on EMG patterns defined by the therapist to generate trunk
trajectories. Therefore, the LSTM must operate using forces (or EMG, in
the human data case) as its only input.

Since the pendulum’s dynamics depend on both applied forces and
past states (Eq. (2)), we will test three LSTM configurations with
different input combinations:

1. Forces, positions and velocities (FPV): this configuration pro-
vides the LSTM with complete dynamic information during train-
ing. At testing, the LSTM assumes an autoregressive structure,
predicting the pendulum state, x = [6, 6], given the past d force
values and predicted states.

&=L (Wps o W3 Ry Ry (€)

2. Forces and positions (FP): this structure assumes that the LSTM
can infer velocity from position sequences, reducing the in-
put complexity. At testing, the autoregressive LSTM predicts
trajectories using only forces and its past position predictions.

O, =frorp, (W_ys 030,y aér—d)- C))

3. Forces alone (F): this simpler configuration tests whether the
LSTM can predict the pendulum’s position using only the se-
quence of force inputs, without relying on an autoregressive
structure. Although the pendulum’s dynamics also depend on
its state, LSTMs are powerful models that can learn complex
relationships from data, potentially approximating the motion
dynamics with forces alone.

6, = frsran@uu g, .. u_g). (5)

These configurations offer a structured comparison to identify the
optimal input setup for predicting pendulum trajectories, informing
model decisions for subsequent human experiments using trunk EMG
and IMU data.

3. Experiments and results
3.1. Synthetic data experiments

We generated 50 pendulum trajectories using the inverted pendu-
lum model. Each trajectory was created by applying a sinusoidal force

u = [u,up]", where u, and uy represent forces applied along the
horizontal and vertical axes, respectively. The forces had a frequency

of 10 Hz and a duration of 5 s, described by u;(r) = A, sin(wt+¢;), where
the amplitude A; and phase ¢; were randomly selected within specified
ranges. The pendulum started from a fixed initial position and velocity
of zero. For each trajectory, we recorded the forces, angular position,
and angular velocity.

The prediction model architecture consisted of stacked LSTM layers
followed by a dense layer with ReLU activation to account for nonlinear
dependencies. Data preprocessing involved normalization (subtracting
the mean and dividing by the standard deviation (SD)), segmentation
into windows based on the desired time-window and window step, and
random shuffling of input-output pairs.

To determine the optimal model configuration and hyperparam-
eters, we conducted a grid search, varying the input (F, FP, FPV),
the number of LSTM layers (2, 3), the number of neurons in the
hidden (64, 128, 256) and dense (16, 32, 64) layers, and the prediction
window length (0.5, 1, 1.5 s). Each combination underwent 5-fold
cross-validation, with 80% of the data allocated for training and 20%
for testing in each fold. Models were trained for 5000 epochs using
ADAM optimization and mean squared error (MSE) loss, with dynamic
learning rate starting at 0.001 and reducing by a factor of 0.5 after 200
epochs without improvement. All models were implemented in Pytorch
and trained on an NVIDIA GeForce RTX-3070 GPU. The average MSE
for training and testing was recorded for each combination, and model
comparisons were performed using an unpaired t-test or Mann-Whitney
U test, depending on the MSE normality assessed via the Shapiro-Wilk
test, with « set at 0.05.

3.2. Model selection

The grid search results revealed that the most effective LSTM model
for predicting pendulum trajectories incorporated both kinematic and
force data as input, significantly outperforming models that used force
alone (F vs. FP: U = 475, p < 0.001; F vs. FPV: U = 375, p < 0.001,
Mann-Whitney U test). As shown in Fig. 3A, longer prediction windows
led to a reduction in MSE for force-only models, while no significant
improvement was observed for more complex models. This suggests
that models with richer input features are less sensitive to the window
length, favoring FP or FPV models with shorter, 0.5-1 s windows.

Since no significant differences in MSE were found between models
with FP and FPV inputs (U = 1445, p = 0.932, Mann-Whitney U
test), we further examined their trajectory generation in autoregressive
mode to assess error propagation. As seen in Fig. 3B, providing 1-s
input sequences of past forces, position, and velocities minimized error
accumulation compared to other configurations, suggesting this as the
optimal configuration for our final model.

No consistent differences were found across hyperparameter con-
figurations, except during training, where increasing the hidden di-
mension from 64 to 256 neurons and reducing the number of LSTM
layers from 3 to 2 significantly improved performance. Based on these
findings, the final model architecture included 2 LSTM layers with 256
neurons per hidden layer, a dense layer with 64 neurons, a 1-s pre-
diction window, and input features combining trunk angular position,
angular velocity, and EMG data.
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Fig. 3. Influence of LSTM model parameters on pendulum motion prediction accuracy. (A) Average training and testing MSE for various model parameters. (B) Example of target
(solid lines) and predicted (dashed lines) pendulum trajectories for four input and window size combinations. F: force, FP: force and position, FPV: force, position and velocity.

3.3. Human data experiments

Six neurotypical individuals (two females and four males, aged
28.8 + 1.3 years old) with no history of musculoskeletal or neurological
disorders were enrolled in the study. The study protocol comprised four
stages: (1) data collection, (2) model training, (3) trajectory generation,
and (4) trajectory tracking (see Fig. 1). During stages (1) and (4),
participants were instructed to sit with the back straight and unsup-
ported, relaxed arms at the sides, and legs at a 90-degree angle. This
neutral posture served as the starting position before initiating any
trunk movement. Tape markers were placed on the floor to ensure
consistent posture throughout the experiments.

In the data collection stage, participants performed 50 self-paced,
center-out trunk movements, each lasting 5 s with a 5-s rest in be-
tween. These movements involved tilting the trunk forward, backward,
laterally, or at any oblique angle, allowing participants to explore their
range of motion while maintaining balance. To ensure the movements
remained within the sagittal and frontal planes, participants were
instructed to avoid trunk axial rotation. IMU and EMG data were
recorded, resampled at 100 Hz, and reshaped into a 50 x 500 x 8
array (50 movements, 500 samples, 8 dimensions: 4 IMU and 4 EMG
features). Four of these movements were set aside for the trajectory
generation phase. These were pseudo-randomly selected to maximize
the cumulative workload of one trunk muscle at a time [53], ensuring
that each movement predominantly targeted a specific muscle.

The training data were then windowed, normalized, paired with
corresponding outputs, and shuffled. This resulted in an input array of
size N xd x8 and output array of size N x4, where N was the number
of samples and d = 100 the window length. Five LSTM models were
trained per participant, following the procedure outlined in Section 3.1.
Model performance was evaluated using training and validation MSE,
with the best model selected based on the lowest MSE on the validation
set.

In the trajectory generation stage, the four reserved EMG patterns
were input into the LSTM model, which generated four trunk motion
trajectories in autoregressive mode. Each predicted trunk trajectory
was mapped to the screen as a moving target, following a predefined
path with a set velocity profile (see Fig. 1B). Participants initiated each
tracking task from a neutral position and, after holding it for 3 s, the
target began moving along the reference path. They were instructed to
closely track the moving target by controlling the interface cursor with
their trunk. On the screen, participants could see both the time elapsed
since the task began and their own path overlaid on the reference path
for comparison. The task ended when the participant’s cursor reached
the end of the reference path. Each participant completed a total of 20
trials, each consisting of tracking all 4 generated trajectories presented

in a random order. These trials were divided into 4 blocks of 5 trials
each, with breaks between blocks.

Note that during this phase, cursor movement was controlled by
IMU data, while EMG data and relevant interface parameters were
recorded for evaluation of the elicited muscle activations during trunk
movements.

3.4. Human data analysis

The primary outcome of this study was the similarity between the
target and elicited EMG profiles, reflecting the BoMI’s ability to guide
trunk muscle activation. Secondary measures, such as trajectory gener-
ation accuracy and trajectory tracking performance, were also assessed
to determine their contribution to eliciting desired EMG profiles.

The BoMTI’s trajectory generation accuracy was evaluated by com-
puting the MSE between the predicted and true trunk trajectories for
each participant and task. Participant performance in tracking moving
targets was evaluated using task completion time, cursor tracking error,
and the balanced integration score (BIS). The BIS combines speed
and accuracy by subtracting the standardized task completion time
from the standardized tracking error [54]. Trunk kinematics were
assessed through the maximum trunk ROM during calibration and,
during tracking tasks, by analyzing the error between the generated and
experimental trunk motion trajectories. These errors, along with cursor
tracking errors, were quantified using the dynamic time warping dis-
tance (DTWD), which measures the similarity between time-series data
while accounting for variations in movement timing and speed [55-57].

To evaluate the effectiveness of the BoMI in guiding participants to
achieve predefined trunk muscle activations, we examined the similar-
ity between the target and elicited EMG activation profiles using three
metrics:

+ Correlation coefficient (R): This metric quantifies the linear
relationship between two EMG signals, ranging from —1 (perfect
negative correlation) to 1 (perfect positive correlation), with 0
indicating no correlation. R captures the shape and trend align-
ment of signals but does not account for amplitude variations
or temporal misalignment [58]. Thus, it is useful for assessing
overall pattern alignment, but less suitable when signals differ in
scale or timing.

Similarity index (SI): The SI measures the degree of align-
ment between the EMG profiles by comparing their direction and
relative amplitudes across all channels [59]. It is defined as:

Z:;](EMGexp,[ : EMGrefj)
IEMG, IEMG |l

SI= . (6)

exp” N
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where n is the number of EMG channels, EMG,,,, is the elicited
(experimental) EMG profile, and EMG,, is the target EMG pro-
file. SI values range from O to 1, with 1 indicating perfect align-
ment. Unlike R, SI accounts for both shape and magnitude, mak-
ing it suitable for assessing whether EMG profiles match in both
patterns and relative signal amplitudes. However, like R, it as-
sumes EMG profiles have the same duration.

Dynamic time warping distance: DTWD measures the temporal
alignment of signals by optimally warping one signal to match
another, minimizing differences caused by timing misalignments
or signal length variations. Smaller DTWD values indicate higher
similarity in terms of both signal shape and timing. This metric
has been effectively used to compare EMG profiles, making it
well-suited for rehabilitation tasks where timing variations are
common and precise alignment may be crucial [60].

Experimental EMG profiles were derived by averaging the 20 pro-
files recorded across trials for each tracking task. Baseline EMG activity
was removed by subtracting the mean activity during the 1-s period
preceding task initiation. To compute R and SI, EMG profiles were
resampled and normalized to the total movement time (0%-100% with
0.5% increments) to account for varying signal durations. All metrics
were evaluated for each task and trial across participants.

Lastly, a correlation analysis was conducted to assess the influ-
ence of task performance on the elicitation of target EMG profiles.
We hypothesized that improved cursor tracking performance would
be associated with higher EMG similarity scores. Furthermore, we
anticipated that greater trunk movement error would negatively impact
muscle activation and decrease the alignment with target EMG profiles.

3.5. Results

3.5.1. Trajectory generation

Fig. 4A illustrates the trunk trajectories generated by each par-
ticipant’s model, using four distinct EMG profiles to produce four
corresponding tasks, projected onto the screen. The mean MSE val-
ues between predicted and true trunk trajectories revealed significant
variability among participants. Overall, participants S1, S2, S4 and S5
demonstrated accurate model predictions, with the model-generated

trajectories in blue closely following the true trajectories in gray. The
lowest average MSE of 0.014 + 0.022 across tasks was observed for S1,
reflecting model consistency and accuracy in trajectory generation. In
contrast, participants S3 and S6 exhibited substantial variability and
higher average MSE values across tasks. Specifically, S3 had a mean
MSE value of 0.179, mainly due to a significant error in task 2, while
S6 recorded the highest average MSE of 0.220 + 0.313.

3.5.2. Trajectory tracking

From the first to the last trial block, participants showed an overall
improvement in trajectory tracking performance (Fig. 4C). On average,
across all tasks, task completion time decreased from 8.5 to 6.8 s, with a
1.8-s lag behind the 5-s reference trajectory. This increase in speed was
accompanied by a slight improvement in cursor tracking precision, with
DTWD decreasing marginally by 0.13 cm. Consequently, BIS increased,
reflecting a shift from prioritizing tracking precision at the cost of speed
(negative BIS) to a more balanced strategy, where participants focused
on completing tasks faster while maintaining similar accuracy.

Changes in trunk kinematics varied across participants, showing no
consistent trends. The average trunk position error slightly decreased
from 2.25° to 2.12° in the final trial block, indicating a minor improve-
ment in positional control. Trunk velocity error remained relatively
stable across trial blocks, with a median of 1.78°/s in the final block.
Notably, participants S5 and S6, who exhibited the highest trunk
position errors, had considerably larger ROM limits compared to S4,
who demonstrated the lowest trunk position errors. Specifically, S5
and S6 reached maximum frontal flexion above 50° during calibration,
while S4 remained within 25° in all trunk motion directions (Fig. 4B).
This increased trunk ROM in S5 and S6 likely led to more demanding
movements and higher difficulty during tracking tasks, which could
have contributed to higher kinematics and cursor tracking errors.

3.5.3. EMG profile similarity

Overall, the interface-generated trajectories successfully elicited the
desired EMG profile, accurately targeting the intended muscle and
activation pattern. As shown in Table 1, the correlation coefficient (R)
values for the target muscles were consistently high across tasks and
participants, with an average R of 0.95 + 0.03. These strong R values
indicate a close alignment between the target (EMG,,,) and elicited
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Fig. 5. Reference and experimental EMG profiles from four trunk muscles, for each participant and task, represented as function of normalized movement time. The experimental
EMG profile is the average profile across all trials, with the SD represented as the shaded area around the mean.
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Fig. 6. Pearson correlations between EMG profile similarity metrics and user perfor-
mance during target tracking task.

(EMG,,,) muscle activation profiles, as seen in Fig. 5. For example,
Task 1, targeting the right ES muscle, had the highest R of 0.96,
reflecting strong consistency in muscle activation and shape matching.
Participants S1, S2, and S4 exhibited the highest R values (>0.95),
while S3 showed the lowest R (0.91 + 0.07), likely due to larger errors
in the generated trajectory in Task 2.

The mean SI of 0.82 + 0.13 further supports the strong overall
similarity between EMG profiles. As with R, S1, S2, and S4 showed
the highest SI values (>0.86), while S3 had the lowest (0.71 + 0.25).
However, the SI also revealed subtle differences in profile amplitude.
For instance, in Task 2, although participant S1’s left ES muscle closely
matched the target shape (R = 0.97), the left EO muscle activated more
quickly and with greater amplitude than in the target profile, resulting
in a reduced SI of 0.73. In general, Tasks 1 and 3 showed higher SI
and R values compared to Tasks 2 and 4, which could suggest more
effective control of right-side trunk muscles relative to the left.

Finally, the low DTWD values (mean: 0.05+0.02 mV) indicated min-
imal timing mismatches across tasks, particularly for simpler profiles
like Tasks 1 and 2. Tasks 3 and 4 showed slightly higher DTWD values
(mean: 0.11 mV), indicating subtle timing shifts where elicited profiles
occasionally lagged or advanced relative to the reference signals. For
example, in participants S3 (Task 4) and S5 (Task 3), higher DTWD
values were observed, with greater temporal mismatch for S3 and
increased variability in S5’s EO muscle response. These higher DTWD
values in Tasks 3 and 4 may result from the increased complexity
and physical demand of controlling backward/lateral trunk tilts, as
compared to forward tilts.

3.5.4. Correlation analysis
The correlation analysis revealed that SI was the EMG similarity
metric most strongly associated with user performance in the target

Table 1
EMG similarity between target and elicited EMG profiles across participants and tasks.
DTWD is in mV.

Metric Participant Task Mean (SD)
1 2 3 4
S1 0.98 0.97 0.97 0.97 0.97 (0.01)
S2 0.98 0.94 0.96 0.96 0.96 (0.02)
R S3 0.94 0.80 0.95 0.93 0.91 (0.07)
sS4 0.96 0.99 0.98 0.97 0.98 (0.01)
S5 0.94 0.95 0.91 0.89 0.92 (0.03)
S6 0.97 0.94 0.96 0.94 0.95 (0.02)
Average 0.96 0.93 0.96 0.94 0.95 (0.03)
S1 0.98 0.73 0.87 0.89 0.87 (0.11)
S2 0.97 0.92 0.88 0.79 0.89 (0.08)
sI S3 0.74 0.32 0.92 0.87 0.71 (0.25)
S4 0.93 0.88 0.91 0.93 0.91 (0.02)
S5 0.88 0.92 0.81 0.55 0.79 (0.16)
S6 0.85 0.83 0.85 0.52 0.76 (0.16)
Average 0.89 0.77 0.87 0.76 0.82 (0.13)
S1 0.03 0.04 0.08 0.05 0.05 (0.02)
S2 0.04 0.05 0.04 0.05 0.04 (0.01)
DTWD S3 0.05 0.08 0.06 0.08 0.07 (0.02)
S4 0.02 0.02 0.03 0.02 0.02 (0.01)
S5 0.03 0.04 0.07 0.13 0.07 (0.05)
S6 0.04 0.04 0.05 0.05 0.04 (0.01)
Average 0.04 0.05 0.06 0.06 0.05 (0.02)

tracking tasks (Fig. 6). Specifically, SI exhibited a strong negative
correlation with cursor position error (r = —0.81, p = 0.049) and a
very strong negative correlation with trunk velocity error, as measured
by DTWD (r = —0.97, p = 0.002). These findings suggest that better
performance in the tracking task, both in terms of cursor accuracy
and trunk motion, may be linked to more consistent muscle activation
patterns and better alignment with the desired EMG profiles. This rela-
tionship is further illustrated in Fig. 4D, where the correlation between
EMG SI and trunk velocity error is depicted. No significant correlations
were found for R and DTWD of EMG across the performance metrics,
indicating its weaker association with task performance.

4. Discussion

This study evaluated the feasibility of an EMG-based BoMI designed
to selectively modulate trunk muscle activity during motor control
exercises. Our primary aim was to determine whether the developed
interface could effectively guide neurotypical individuals to achieve
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specific EMG activation patterns in their trunk muscles by tracking
interface-generated trajectories.

Our results demonstrate that the BoMI successfully elicited the
desired trunk EMG activation patterns, with an average SI of 0.82+0.13,
correlation coefficient of 0.95 + 0.03 and DTWD of 0.05 + 0.02 mV.
These values indicate a high degree of similarity between the target and
elicited EMG profiles, consistent with values reported in the literature
for neurotypical individuals [57,58,61-63]. For example, SI values
between 0.82 and 0.99 have been observed during simple flexion—
extension of lower limbs [59], whereas lower SI values (0.63+0.15) have
been reported for more complex trunk motions [64]. These compar-
isons highlight the inherent challenge of achieving precise trunk muscle
control but also underscore the success of our system in addressing this
complexity.

The strong correlation between task performance and EMG similar-
ity further supports the BoMI’s effectiveness. Participants who demon-
strated better precision in controlling cursor position and trunk velocity
tended to exhibit EMG profiles more closely aligned with the target
ones. This emphasizes the importance of velocity feedback in task
design, as it plays a critical role in eliciting accurate muscle activation.
Unlike conventional EMG-based BoMIs, which focus on reaching a
static target by matching EMG amplitudes [15,30], our approach tracks
a moving target with a set velocity profile, enabling more precise con-
trol over both amplitude and timing of muscle activity. This nuanced
control could be especially advantageous for trunk control training,
where coordinated muscle activity is essential for maintaining balance.

A key feature of the BoMI is the use of an LSTM model to learn
the relationship between trunk EMG signals and motion, enabling the
generation of personalized trajectories tailored to individual capabil-
ities. The model’s performance was validated through both synthetic
simulations and real-world experiments. Notably, the LSTM achieved a
median MSE of 0.067 across participants, effectively generating trunk
movement trajectories from EMG profiles. While the synthetic example
showed minimal errors, some deviations were observed in real-world
trajectories. These discrepancies were expected due to the inherent
complexity of human trunk motion compared to the simplified pendu-
lum model, as well as sensor data noise and partially captured trunk
dynamics. Future efforts will aim to refine trajectory generation by
utilizing enhanced computational resources and integrating additional
sensors to improve the accuracy of trunk kinematic estimation.

Variability in trajectory generation and tracking performance was
also observed across participants, potentially influenced by differences
in trunk ROM. As described in Section 2.2, the cursor was controlled
through frontal and lateral trunk movements, mapped to the screen
based on the maximum trunk ROM recorded during calibration. We
observed that trunk ROM limits varied among participants, not only
due to their physical capacity but also their confidence in fully ex-
ploring their ROM. Participants who leaned further during calibration
were required to perform more demanding movements in the trajectory
tracking task, leading to posture adjustments—such as lifting feet or
rotating the trunk—that affected task performance and trunk EMG
response. Although posture was monitored visually and with an IMU
placed above the sternum, additional IMU sensors on the lower back
and shoulders could more effectively capture and correct posture vari-
ations, helping to control axial trunk rotations, lumbar and cervical
curvatures, and pelvis tilt.

In the trajectory tracking task, participants demonstrated improve-
ments in task completion time and BIS, suggesting faster and more
efficient movements without compromising accuracy. However, EMG
profile similarity remained stable, which was expected given the par-
ticipants’ intact motor control and the study’s focus on guiding muscle
activation through biofeedback rather than inducing neuromuscular
adaptation. While this approach establishes a foundation for motor
training, it does not yet integrate key motor learning principles, such as
progressive overload, task variability, and repeated practice, which are
essential to drive muscle strengthening, endurance gains, or long-term
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changes in EMG activity [65]. Therefore, to translate the BoMI into an
effective tool for trunk rehabilitation, the protocol must be expanded
to include multiple sessions of repetitive, goal-directed exercises, de-
livered through an adaptive, closed-loop biofeedback system capable
of dynamically adjusting to user performance.

In this context, the EMG similarity metrics used in this study could
serve as real-time indicators of patient performance, guiding rehabil-
itation goals, task adaptation and feedback delivery. By quantifying
deviations from neurotypical EMG patterns, these metrics could help
clinicians monitor patient progress toward target EMG profiles and
identify muscle groups requiring intervention. For example, a post-
stroke patient with hemiparesis may exhibit impaired trunk control,
with reduced muscle activation on the paretic side and compensatory
over-recruitment on the contralateral side. Initially, their EMG simi-
larity to a neurotypical reference pattern may be low, reflecting these
motor deficits. In response, the BoMI could adjust exercise difficulty by
modulating cursor speed, trajectory complexity, or movement ampli-
tude, ensuring an appropriate level of challenge throughout recovery.
In parallel, real-time corrective feedback (e.g., auditory or color-coded
visual cues) could promote more symmetrical trunk recruitment by
encouraging activation of under-recruited muscles and discouraging
compensatory strategies. Over time, this approach could gradually
shift the patient’s EMG patterns toward more balanced and functional
activation, helping to restore trunk motor control.

In our study, muscle activation profiles were derived from user-
specific EMG data, allowing us to validate trajectory generation through
direct comparison with true trajectory data. In clinical settings, how-
ever, therapists will select EMG profiles based on patient needs, spec-
ifying parameters such as target trunk muscles, activation timing, and
intensity. The BoMI would then match these inputs to an appropriate
EMG profile from a predefined dictionary of profiles, built with pro-
totype data from neurotypical individuals. This target profile would
then be fed into a patient-specific model to generate the corresponding
exercise. While this workflow enables a flexible and therapist-driven
approach, applying it to patient populations might introduce several
challenges.

Unlike neurotypical users, patients often exhibit highly variable
and inconsistent EMG and kinematic signals due to spasticity, mus-
cle weakness, compensatory strategies, and fatigue. These factors can
degrade data quality, weaken the EMG-motion relationship, and limit
the model’s generalizability. To address these issues, future clinical
implementations may require extended calibration sessions to capture
a wider range of patient-specific patterns, longer rest periods to miti-
gate fatigue effects, and advanced EMG processing techniques to filter
out artifacts from involuntary activations and compensatory move-
ments [66,67]. Moreover, as patients adopt new motor strategies during
recovery, the model should undergo regular recalibration via inc