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Abstract

Intuitive control of assistive robotic devices, such as exoskeletons and arm supports, requires inferring the user’s interaction with
objects in the environment. Surface electromyography (EMG) and inertial measurement units (IMU) provide complementary information
about muscle activation and limb kinematics, but interpreting these sensory modalities for real-time control remains challenging. Deep
learning is effective for modeling human motion intention, but has seen limited use in estimating the handheld load during object
manipulation. This paper proposes a sensor-fused spatio-temporal transformer (ST-Transformer) that regresses the handheld load
from synchronized EMG and IMU signals, together with a real-time acquisition and processing pipeline for an arm support device. Data
were used from 17 participants performing a weight-movement task spanning six weight classes (0 − 6 kg). EMG and IMU normalization,
dataset-balancing augmentation, dropout, and weight decay were applied to improve cross-participant generalization. Trained and
tested on the same participants, the sensor-fused model estimated load accurately (all metrics participant-class-balanced; R2 = 0.935,
MAE = 0.316 kg, RMSE = 0.441 kg) and significantly outperformed an EMG-only model (R2 = 0.913, MAE = 0.380 kg, RMSE = 0.520 kg).
Under Leave-One-Participant-Out (LOPO) cross-validation, however, the fused model (R2 = 0.853, MAE = 0.536 kg, RMSE = 0.680 kg)
retained only a slight, statistically non-significant edge over EMG alone (R2 = 0.839, MAE = 0.546 kg, RMSE = 0.703 kg), while the IMU-only
model degraded sharply. This indicates that the transferable load information is carried primarily by muscle activation, while the
complementary IMU contribution is largely entangled with participant-specific characteristics. An attribution analysis localizes the
load-relevant signal to the forearm muscles, indicating that a compact forearm-worn sensor set captures most of the usable signal,
and the model (approximately 1.03 ⋅ 106 parameters) is feasible for real-time on-device inference on current microcontrollers.
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1. INTRODUCTION
Assistive robotics, such as exoskeletons and arm supports, has ad-
vanced rapidly in recent years, transforming physical rehabilitation
and supporting human lifting in industrial settings [52]. The medical
field has been particularly influenced by these developments, with
robotic rehabilitation devices and mobility support systems becoming
increasingly integrated into clinical practice [41, 47, 62, 63]. Devices
such as the SaeboMAS [38] (Figure 1) assist in neurorehabilitation by
supporting the arm under its own weight. In industry, actively and
passively actuated exoskeletons (e.g., the EksoEVO [53]) reduce mus-
culoskeletal loading during lifting and overhead work, with reported
muscle-activity reductions of 10 − 40% for passive devices and up to
80% for active ones [16], lowering injury risk and supporting workers’
long-term employability.

Figure 1. Dynamic arm support system that counteracts gravity while
preserving the range of motion of the arm. Manually tunable to the level of

assistance, purposely built for stroke rehabilitation. [38]

Despite these benefits, designing assistive devices that operate in
synergy with the user’s movement remains a significant engineering
challenge [49, 52]. Passive systems are simple, robust, and require lit-

tle maintenance, but their lack of actuated control limits adaptability
and often forces task-specific or individually customized designs [48].
Active systems restore adaptability at the cost of added complexity,
power consumption, weight, and size [36, 39, 46, 49]. In both cases, as-
sistance is only as effective as the device’s ability to infer what the user
is doing: seamless coupling of human and robotic motion depends on
continuously estimating the user’s intent and required assistance, and
adapting the control accordingly [52]. This requirement has driven
growing interest in sensory systems that enable the development of
more intelligent and transparent control frameworks [32, 49, 57, 58].
Among available sensory modalities, surface electromyography

(EMG) plays a central role because it provides direct access to neuro-
muscular activation [32, 33, 61]. Because muscle activation precedes
movement by an electromechanical delay, EMG enables anticipatory
control strategies that act before kinematic changes occur [4]. This
is especially valuable for upper-extremity tasks requiring fine, rapid,
and coordinated control. However, EMG is also characterized by sub-
stantial inter- and intra-subject variability, susceptibility to noise and
electrode shifts, and dependence on user-specific physiology, which
complicates generalization both across users and within users [47].
Machine learning (ML) and deep learning in particular have there-

fore become increasingly prominent in EMG interpretation [61] due
to their ability to model nonlinear signal dynamics and automatically
extract discriminative features from raw data [35, 49, 64]. Such ap-
proaches have demonstrated improvements in intent recognition and
motion prediction, yet they also introduce significant computational
demands, raising concerns regarding on-device feasibility for real-time
control [54].
To reduce reliance on a single modality, sensor fusion combines

EMG with other sensors, such as inertial measurement units (IMUs)
[43, 46, 63]. EMG provides information about neuromuscular activa-
tion, whereas IMU provides measurements of limb kinematics [34].
Across a wide range of wearable robotics tasks, fusing such modali-
ties improves accuracy and robustness compared with single-sensor
approaches [52], and physics-informed approaches go further by em-
bedding biomechanics directly into themodel [58]. It remains unclear,
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Figure 2. Proposed control framework utilizing ML-based load estimation as reference injection for human-in-the-loop control. The ST-Transformer and Signal
Acquisition and Processing blocks are the contributions of this paper.

however, whether this benefit extends to continuous load estimation
and, in particular, whether it transfers to users unseen during training.
Several studies integrate ML-based EMG interpretation into control

frameworks of exoskeletons and assistive robotics, using EMG-only
or sensor-fused approaches [36, 39, 42, 49, 50, 56]. Such estimators
typically generate references for a low-level controller, introducing
prediction accuracy, latency, on-device feasibility, transparency, and
stability as critical design constraints. In this paper, theML-based load
estimation block (ST-Transformer Block in Figure 2) is introduced as
a reference injector to the controller of an arbitrary assistive robot, as
illustrated in Figure 2.
Among deep learning architectures, recurrent networks such as

Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU)
have been widely applied to EMG and IMU interpretation [35, 44, 64],
as their gated memory mechanisms capture temporal dependencies in
sequential signals while mitigating the vanishing-gradient problem [5,
15]. However, recurrent models are less suited to the spatial structure
of multi-channel sensor arrays and accumulate error in long-horizon
autoregressive prediction [26].
Convolutional neural networks (CNN), originally developed for

image processing [6], add spatial feature extraction and are often
combined with recurrent layers in CNN-LSTM or CNN-GRU architec-
tures [35, 44, 49, 64]. Their learned feature extraction enhances their
ability to distinguish complex spatial patterns, thereby oftentimes
outperforming standalone recurrent architectures. For convolutional
models, subject transferability remains difficult too, and the added
capacity demands larger, more diverse datasets and more parameters,
increasing computational cost.
Attention mechanisms address some of these limitations and stand

at the core of the Transformer architecture, which transformed natu-
ral language processing [20]. Attention has since been incorporated
into EMG interpretation, often alongside recurrent architectures [64].
In the paper by Aksan et al. [26], a spatio-temporal transformer (ST-
Transformer) architecture is proposed that inherits the spatial and
temporal qualities of convolutional-recurrent architectures by lever-
aging the attention mechanism.
Despite strong performance in motion and intent recognition, ML-

based EMG interpretation has largely focused on movement predic-
tion rather than the external load a user handles. Where load has
been addressed, it has been framed as discrete payload classification
from IMU signals [37] or regressed from EMG alone using physics-

informed priors [58]. Continuous load regression from fused EMG
and IMU signals, and whether such a model transfers to users unseen
during training, remains largely unexplored. Object manipulation
introduces interaction dynamics among the user, the object, and the
robot, requiring the controller to continuously estimate the external
load rather than predict motion. The SaeboMAS [38] (Figure 1) pro-
vides a well-defined case study: by reducing actuation to a single
upward-assistance degree of freedom, it isolates the load-estimation
problem while remaining representative of real-world assistive use.
This work therefore develops and evaluates a sensor-fused spatio-
temporal transformer for continuous load estimation from EMG and
IMU, analyzes how its accuracy and the fusion influence transfer
across participants, and assesses its feasibility for real-time on-device
deployment.

2. METHODOLOGY

The objective of the deep learning model is to estimate the weight
of a held object from synchronized electromyography (EMG) and
inertial measurement unit (IMU) signals. The model was trained and
evaluated on data collected during a custom experimental trial. For a
prediction 𝑦̂𝑘 at prediction step 𝑘, 𝐿 denotes the input window length.
At each prediction step 𝑘, the EMG and IMU inputs are the signal
windows𝐗(𝐿)

EMG(𝑘) and𝐗
(𝐿)
IMU(𝑘). 𝐶EMG and 𝐶IMU denote the number of

signal channels for each sensory modality. The model is a nonlinear
function 𝑓𝜃(⋅) with learned parameters 𝜃:

𝑦̂(𝑡) = 𝑓𝜃
(
𝐗(𝐿)
EMG(𝑘), 𝐗

(𝐿)
IMU(𝑘)

)
,

with 𝐗(𝐿)
EMG(𝑘) ∈ ℝ𝐿×𝐶EMG , 𝐗(𝐿)

IMU(𝑘) ∈ ℝ𝐿×𝐶IMU
(1)

The signals are sampled at frequencies 𝑓EMG and 𝑓IMU, synchro-
nized, and segmented into windows, after which weight estimates are
produced at a prediction interval ∆𝑡. The input window length 𝐿 in-
troduces a trade-off between estimation accuracy and responsiveness.
The data pipeline and model architecture were designed for real-time,
on-device inference. The acquisition firmware, preprocessing pipeline,
and model implementation are publicly available [65].
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(a) TMSi Porti7 EMG system. (b) Dual Adafruit BNO085 IMUs,
acquired using a STM32F401

microcontroller.

Figure 3. Sensory acquisition systems synchronized using a PRBS combined
with Kalman filtering.

2.1. Sensory acquisition system

No single device capable of acquiring both EMG and IMU signals
was available, so separate acquisition systems were used for EMG
and IMU, as depicted in Figure 3. The two systems were synchro-
nized using a pseudo-random binary sequence (PRBS) and real-time
Kalman filtering, ensuring that muscle activation and limb motion
were registered at the same instant. EMG signals provide a measure
of arm muscle activation, directly related to load-bearing. The IMU
signals provide kinematic information complementary to EMG, and
the dynamics of the arm–object system change with object weight.
Orientation- and acceleration-related features may help the model
distinguish movement-associated activation from load-bearing acti-
vation. Appendix A provides extra details on the sensory acquisition
system.

2.1.1. EMG system

EMG signals were acquired with a TMSi Porti7 1 system at a sampling
frequency of 𝑓EMG = 2000 Hz and streamed to a PC over USB-A
using the Python TMSi SDK. Eight bipolar channels were recorded
(𝐶EMG = 8), with electrodes placed according to the SENIAM protocol
[7]. Three electrode pairs were placed on forearm muscles associated
with gripping (Extensor Capri Radialis, Flexor Carpi Ulnaris and
Brachioradialis), since grip force is expected to increase with object
weight; two pairs on the upper arm to capture elbow flexor–extensor
co-contraction (Biceps, Triceps Brachii), which reflects increased arm
stiffness during heavier lifts; and three pairs on the shoulder (Anterior,
Lateral, Posterior Deltoid) to capture activation related to raising the
arm and supporting the object against gravity. The selected muscles
and their placement are shown in Figure 4. The resulting discrete-time
EMG input over a window of length 𝐿 is

𝐗EMG =
[
𝑥1 𝑥2 ⋯ 𝑥𝐶EMG

]
∈ ℝ𝐿×𝐶EMG , 𝐶EMG = 8 (2)

where 𝑥𝑐 denotes the surface EMG signal of the 𝑐-th recorded muscle
(Figure 4).

2.1.2. IMU system

Two Adafruit BNO085 2 breakout boards were used, each combining
a three-axis accelerometer, gyroscope, and magnetometer with an on-
board Arm Cortex-M0 processor that fuses these measurements. The
BNO085 was operated in UART-RVC mode, which outputs a 6-DOF
fused output: three-axis orientation and three-axis linear acceleration.
UART-RVC was the only mode supporting simultaneous readout of a
dual IMU setup. An STM32F4013 microcontroller received both IMU
streams and forwarded the data to the PC over USB.

1TMSi Porti7 (discontinued) - URL: https://www.tmsi.artinis.com/product-overview
2Adafruit BNO085 - URL: https://cdn-learn.adafruit.com/downloads/pdf/adafruit-9-
dof-orientation-imu-fusion-breakout-bno085.pdf

3STM32F401 - Arm Cortex-M4, URL: https://www.st.com/en/microcontrollers-
microprocessors/stm32f401.html

EMG:
a. Anterior Deltoid (AD)
b. Lateral Deltoid (LD)
c. Posterior Deltoid (PD)
d. Biceps Brachii (BB)
e. Triceps Brachii (TB)
f. Brachioradialis (BR)
g. Flexor Carpi Ulnaris (FCU)
h. Extensor Carpi Radialis (FCR)

IMU:
1. Upper Arm (IMU-1)
2. Lower Arm (IMU-2)
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Figure 4. Schematic of EMG electrode and IMU sensor placement on the
participants’ arm following the SENIAM protocol for EMG electrode

placement [7]. IMU sensors are aligned with the x-axis pointing towards the
hand.

UART-RVC streams at a fixed rate of approximately 100 Hz. The
STM32F401 sampled and timestamped both streams at𝑓IMU = 500Hz,
oversampling the 100 Hz sensor output so that each update was
captured accurately for synchronization (Section 2.1.3). For IMU
𝑖 ∈ {1, 2}, the resulting discrete-time signal is:

𝐗IMU,𝑖 =
[
𝜙𝑖 𝜃𝑖 𝜓𝑖 𝑎𝑥,𝑖 𝑎𝑦,𝑖 𝑎𝑧,𝑖

]
∈ ℝ𝐿×6 (3)

where 𝜙𝑖 , 𝜃𝑖 , 𝜓𝑖 are the Euler angles (yaw, pitch, roll) and 𝑎𝑥,𝑖 , 𝑎𝑦,𝑖 , 𝑎𝑧,𝑖
the linear-acceleration components of IMU 𝑖. With two IMUs, this
yields 𝐶IMU = 12 channels in total.

2.1.3. Real-time signal synchronization

Because the EMG and IMU systems ran on independent clocks and
connected to the PC via different ports, their streams exhibited time-
varying offsets and clock drift. To align them, the STM32F401 gener-
ated a pseudo-random binary sequence (PRBS) that was transmitted
directly to the PC and through the EMG device. Cross-correlating
the two transmissions over a sliding window yields an estimate of the
delay between both systems, together with a confidence measure [3].
A two-state Kalman filter then tracks the delay offset and clock drift,
using the correlation confidence as the measurement uncertainty to
smooth noisy estimates [2, 11]. The smoothed parameters are used
to resample the 500 Hz STM32 stream onto the 2000 Hz EMG clock
by linear interpolation, without truncating or distorting either signal.
The full algorithm is detailed in Appendix B.

2.2. Participant Trial

For this study, the EMG and IMU sensor data are gathered from 18
participants. Their participant ID, gender, age, and anthropometric
properties are listed in Table 1.
All participants participated in a weight-movement trial. The par-

ticipants were instructed to move weights ranging from 1 to 6 kilo-
grams across a 3-by-4 grid (with 𝑑button ≈ 15 cm between each button)
mounted horizontally on a table. Instructions for the movement were
displayed on a screen, while buttons integrated into the panel regis-
tered the real-world movements of the weights. Rubber bands under
the panel ensured the buttons were pushed through the holes without
breaking when a heavy load was applied. Movements were randomly
generated and varied in direction and distance, with equal distribu-
tion across the different weights. A large number of possible start-end
point combinations (12 grid positions for 11 possible destinations and
5 weights 12 ⋅ 11 ⋅ 5 = 660, excluding free movements) makes it im-
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Table 1. Participant characteristics and anthropometrics in centimeters [cm]. P13 was excluded due to age out of distribution. (circ. = circumference

ID Gender Age Handedness Total arm Upper arm Forearm Hand Upper arm circ. Forearm circ.

P01 Male 25 Right 82 38 33 20 32 28
P02 Male 23 Right 78 35 26 22 26 25
P03 Male 25 Left 78 36 27 19 31 28
P04 Male 22 Right 77 32 26 22 28 28
P05 Female 24 Right 77 34 27 18 25 23
P06 Male 23 Right 82 37 29 22 30 27
P07 Male 24 Right 78 36 29 18 33 28
P08 Male 22 Right 75 34 27 20 27 27
P09 Female 22 Right 71 32 23 18 25 23
P10 Male 22 Right 78 32 29 22 33 30
P11 Male 26 Right 84 27 29 24 32 32
P12 Male 24 Right 89 41 29 20 28 26
P13 Female 59 Right 69 33 26 20 22 22
P14 Male 27 Right 81 38 27 20 30 28
P15 Female 25 Right 61 22 23 16 26 24
P16 Female 25 Right 75 31 25 19 22 22
P17 Male 26 Right 82 33 29 21 30 27
P18 Female 24 Left 72 30 25 19 27 26

probable that a model will learn specific motion patterns. Between
each weight movement is a free movement, which is registered as
lifting 0 kilograms. The microcontroller registers the state of the but-
ton matrix and transmits it, along with the IMU signals, through the
same signal-acquisition and synchronization pipeline. Fig. 5 shows
the instructions for a movement on the button matrix.
Each time the state of the buttonmatrix changes, the EMG and IMU

signals are sliced and matched with the weight instruction to create a
labeled segment. During weight pickup, the start of the segment is
offset 𝑡offset = 0.2 s back in time to capture the anticipatory muscle
activation and electromechanical delay (EMD) [4]. No offset is applied
at the end of a weightmovement. This offset is determined empirically
from the dataset and experimentally verified by trainingmodels across
different configurations.

Figure 5. Trial instructions for two movements on a custom trial dashboard
and button matrix, registering movements for signal segmentation.

2.3. Signal processing

Because deep learning can capture complex signal morphologies and
discriminate informative features from noise through learned repre-
sentations, the inputs were only lightly preprocessed. EMG, IMU ori-
entation, and IMU linear acceleration signals are fundamentally differ-
ent and were therefore processed with individually tailored pipelines.

2.3.1. EMG preprocessing

Traditional EMG preprocessing approaches increase the signal’s inter-
pretability at the expense of removing frequency content and subtle
morphology [10]. Additionally, heavy filtering and smoothing intro-
duce phase lag, thereby negatively affecting responsiveness in real-
time implementation. To remove motion artifacts, high-frequency
noise, and powerline interference, the following filtering was applied:

𝑥f ilt,𝑐 = 𝒩50
{
ℬ20−500

{
𝑥raw,𝑐

}}
, 𝑐 = 1, … , 𝐶EMG (4)

where 𝑥raw,𝑐 is the raw EMG signal of channel 𝑐, 𝑥f ilt,𝑐 is the filtered
EMG signal, ℬ20−500{⋅} represents a fourth-order Butterworth band-
pass filter with cut-off frequencies of 20 and 500 Hz, and𝒩50{⋅} repre-
sents a 50 Hz notch filter.
Additionally, in EMG processing, it is common to normalize signals

with respect to the maximum voluntary contraction (MVC) [8]. This
mitigates inter-subject variability, yielding more generic signals for
the model to handle. However, calibration by having a participant
contract each muscle individually was deemed impractical, especially
for forearm muscles. It is also an objective of the algorithm to work
successfully on unseen users without requiring calibration.
However, during modeling and algorithm development, a similar

approach to MVC was adopted, which does require calibration in a
real-time application. First, after filtering, the EMG signal envelope
for each participant was calculated by rectifying and smoothing the
signal. Afterward, the 99% percentile of the envelope was calculated
as a robust peak. Finally, the unrectified, unsmoothed signal is nor-
malized by this peak. This way, the frequency content of the raw
signal is preserved while scaling the signal down by a factor that helps
overcome inter-subject variability. The normalization is a per-session
EMG peak normalization, therefore requiring unlabeled signals from
the unseen user as calibration (Section 4).

2.3.2. IMU preprocessing

The IMU signals are robustly upsampled using linear interpolation
to match the EMG frequency of 2000 Hz. To smooth discontinuities
as a result of linear interpolation and remove high-frequency motion
jitter, a low-pass filter was applied [13]:

𝑥f ilt,𝑐 = ℒ15
{
𝑥raw,𝑐

}
, 𝑐 = 1, … , 𝐶IMU. (5)

where 𝑥raw,𝑐 and 𝑥f ilt,𝑐 denote the raw and filtered IMU signals of chan-
nel 𝑐, respectively, and ℒ15{⋅} denotes a low-pass filter with a 15 Hz
cut-off frequency. The orientation signals were unwrapped for filter-
ing, rewrapped to ensure feature stability, and converted from degrees
to radians. Finally, each IMU channel was normalized per record-
ing session using robust statistics, centering on the session median
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and scaling by the session interquartile range (IQR). Analogous to
EMG peak normalization, this aims to reduce per-participant offsets
and gains in the IMU signals arising from limb inertia and sensor
placement.

2.4. Spatio-Temporal Transformer

After data collection, preprocessing, segmentation, and labeling, the
EMG and IMU signal segments were used as training samples for the
supervised regression model defined in Equation 1. Convolutional-
recurrent architectures were evaluated first, following prior work
that successfully estimated continuous elbow motion with a CNN-
LSTM [35], particularly when combined with biomechanics in a
physics-informed neural network [58]. A Spatio-Temporal Trans-
former (ST-Transformer), inspired by the architecture of Aksan et
al. [26] for 3D human motion prediction, was compared against five
established baselines (LSTM, GRU, a vanilla transformer, CNN-LSTM,
and CNN-GRU) under both validation strategies. Under leave-one-
participant-out (LOPO) cross-validation, the ST-Transformer is sta-
tistically indistinguishable from the recurrent models (LSTM, GRU)
and the vanilla transformer, and clearly ahead of the convolutional
models (CNN-LSTM, CNN-GRU). Within participants, the recurrent
models achieve somewhat lower error, particularly on MAE. The
full comparison is reported in Appendix H (Figure 12 and 13). The
ST-Transformer is competitive with the established recurrent architec-
tures. It was adopted as the primary architecture for this paper due
to its explicit sensor-fusion mechanism, its intrinsic interpretability
through spatial and temporal attention, and its natural extensibility
toward a unified load–motion model (Section 4, Section 5).
The model was trained to estimate each segment’s external load.

The Mean Squared Error (MSE) was minimized as the training loss,
penalizing the squared difference between the true and predicted load
(Equation 6). The Root Mean Square Error (RMSE) is reported as a
primary performance metric because it shares the same units as the
load (kg) and is therefore more interpretable.

ℒMSE(𝜃) =
1
𝑁

𝑁∑

𝑗=1

[
𝑦𝑗 − 𝑓𝜃

(
𝐗(𝐿)
EMG,𝑗 , 𝐗

(𝐿)
IMU,𝑗

)]2
(6)

Here, 𝑁 denotes the number of training samples in the batch or
dataset, 𝑦𝑗 is the true load label corresponding to segment 𝑗, and
𝑓𝜃(𝐗(𝐿)

EMG,𝑗 , 𝐗
(𝐿)
IMU,𝑗) is the load predicted by the model 𝑓 with param-

eters 𝜃. The terms 𝐗(𝐿)
EMG,𝑗 and 𝐗

(𝐿)
IMU,𝑗 represent the EMG and IMU

input windows of length 𝐿 for segment 𝑗, respectively. Because seg-
ments have variable lengths, each training batch was zero-padded to
the length of its longest sample, and a padding mask prevented the
attention mechanism from attending to the padded timesteps.
Additionally, an AdamW optimizer was used to stabilize training

and provide regularization through weight decay [17]. Two learning-
rate schedules were used, adapted to each validation strategy. For
participant-specialized models, a fixed-epoch OneCycleLR schedule
used super-convergence to fully fit each participant’s data [24]. For
the generalized (LOPO) models, training must be halted before the
network begins to fit participant-specific patterns, requiring strong
early stopping at an unpredictable epoch, which is incompatible with
OneCycleLR’s fixed epoch length. A ReduceLROnPlateau schedule
with strong early stopping was therefore used instead, reducing the
learning ratewhen the validation loss plateaued and eventually halting
training.

2.4.1. Feature Extraction

After synchronization, both modalities are represented on a common
grid (𝑓grid = 2000 Hz). Learning directly from these high-resolution
samples is informative but computationally demanding. Instead, man-
ually engineered features were extracted from the signals, introducing

an inductive bias that proved beneficial for the ST-Transformer and im-
proved generalization by suppressing noise and individual differences
in EMG morphology. A CNN-based learned feature extractor was
also evaluated, but it did not outperform the manually engineered fea-
tures on this dataset, particularly in cross-participant generalization
(Appendix H).
To preserve most of the signal’s temporal information while ef-

fectively downsampling, a sliding-window feature-extraction algo-
rithm was implemented. Because the two modalities have different
dynamics, distinct window lengths were used: 𝑤EMG = 150ms and
𝑤IMU = 200ms, each advanced by a step ∆𝑡window = 100ms. The step
sets the temporal resolution of the resulting feature sequence, while
the longer, overlapping per-modality windows capture each signal’s
relevant dynamics. A distinct feature set was selected for each modal-
ity and validation strategy through a dedicated sweep. The selected
features, together with their mathematical derivation and physical
inductive bias, are listed in Appendix D (Table 4).

2.4.2. Architectural Design

The architectural design is based on the Spatio-Temporal Transformer
of Aksan et al. [26], and the vanilla Transformer originally proposed
by Vaswani et al. [20], but is adapted for sensor fusion and scalar
regression. The spatio-temporal transformer architecturewas found to
be state-of-the-art for human motion prediction, a task related to this
article’s objective. The decoupling of spatial and temporal attention
explicitly captures both structural and temporal dependencies. An
overview of the model architecture is visualized in Figure 6.
After feature extraction, each input segment is represented as 𝐗 ∈

ℝ𝑇×𝐶×𝐹 , where 𝑇 is the number of timesteps, and 𝐹 is the total number
of extracted features. The feature vector at each timestep is divided
into 𝐶 channel-specific feature groups 𝐱𝑡,𝑐 ∈ ℝ𝐹𝑐 , with 𝐹 = ∑𝐶

𝑐=1 𝐹𝑐.
Each channel-specific feature vector is projected into a shared 𝐷-
dimensional embedding space:

𝐞𝑡,𝑐 = 𝐖𝑐𝐱𝑡,𝑐 + 𝐛𝑐, 𝐖𝑐 ∈ ℝ𝐷×𝐹𝑐 , 𝐞𝑡,𝑐 ∈ ℝ𝐷 (7)

Each projected vector 𝐞𝑡,𝑐 ∈ ℝ𝐷 is treated as a token: the elementary
unit over which the transformer’s attention operates, analogous to
a word embedding in language models. A segment of 𝑇 timesteps
and 𝐶 channels thus yields 𝑇 × 𝐶 tokens. A learned channel identity
embedding 𝐩𝑐 ∈ ℝ𝐷 and a sinusoidal temporal positional encoding
𝐩𝑡 ∈ ℝ𝐷 are added to each token:

𝐞̃𝑡,𝑐 = 𝐞𝑡,𝑐 + 𝐩𝑐 + 𝐩𝑡 (8)

The embedded tokens are stacked into encoded embedding tensor
𝐄̃ ∈ ℝ𝑇×𝐶×𝐷 .
The resulting tensor is processed by stacked spatio-temporal trans-

former blocks. Following Aksan et al. [26], spatial and temporal
attention are decoupled. In this work, the spatial dimension corre-
sponds to sensor channels rather than skeletal joints. This follows
the same principle of separating within-timestep and across-timestep
dependencies, but adapts it for sensor fusion.
Let the input to transformer layer 𝓁 ∈ {1, … ,𝑁𝐿} (where 𝑁𝐿 is the

total number of transformer layers) is the total number of transformer
layers) be denoted as 𝐙(𝓁) ∈ ℝ𝑇×𝐶×𝐷 , with 𝐙(0) = 𝐄̃. For each timestep
𝑡, spatial attention is applied over the 𝐶 channel tokens. The spatial
sequence is defined as:

𝐙(𝓁)𝑡 =
[
𝐳(𝓁)𝑡,1 , … , 𝐳

(𝓁)
𝑡,𝐶

]⊤
∈ ℝ𝐶×𝐷 . (9)

For each attention head ℎ ∈ {1, … ,𝐻sp}, where 𝐻sp is the number
of spatial attention heads, learned projection matrices transform the
spatial sequence into query, key, and value matrices:
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Spatial and Temporal Embedding

Spatial Attention (for each timestep)

Temporal Attention (for each channel) 

Transformer Layer

Attention Pooling and Regression

#·
I
E

Figure 6. Overview of spatio-temporal transformer architecture, illustrating its structure and the flow of data through the network.
Disclaimer: tensor sizes, matrix sizes, vector sizes, and number of layers and attention heads are not to scale.

𝐐(𝓁,ℎ)
sp,𝑡 = 𝐙(𝓁)𝑡 𝐖(𝓁,ℎ)

𝑄,sp ,

𝐊(𝓁,ℎ)
sp,𝑡 = 𝐙(𝓁)𝑡 𝐖(𝓁,ℎ)

𝐾,sp ,

𝐕(𝓁,ℎ)
sp,𝑡 = 𝐙(𝓁)𝑡 𝐖(𝓁,ℎ)

𝑉,sp

(10)

where the learnable projection matrices 𝐖(𝓁,ℎ)
𝑄,sp ,𝐖

(𝓁,ℎ)
𝐾,sp ,𝐖

(𝓁,ℎ)
𝑉,sp ∈

ℝ𝐷×𝑑ℎ,sp compress the model embedding dimension 𝐷 into smaller,
head-specific subspaces of dimension 𝑑ℎ,sp = 𝐷∕𝐻sp, so that
𝐐(𝓁,ℎ)
sp,𝑡 , 𝐊

(𝓁,ℎ)
sp,𝑡 , 𝐕

(𝓁,ℎ)
sp,𝑡 ∈ ℝ𝐶×𝑑ℎ,sp . This enables efficient, parallel atten-

tion computation across heads. The output of each spatial attention
head is then computed from these query, key, and value matrices:

𝐒(𝓁,ℎ)𝑡 = sof tmax
⎛
⎜
⎜
⎝

𝐐(𝓁,ℎ)
sp,𝑡

(
𝐊(𝓁,ℎ)
sp,𝑡

)⊤

√
𝑑ℎ,sp

⎞
⎟
⎟
⎠

𝐕(𝓁,ℎ)
sp,𝑡 , 𝐒(𝓁,ℎ)𝑡 ∈ ℝ𝐶×𝑑ℎ,sp (11)

The outputs of all spatial heads in a layer are concatenated and pro-
jected back to the model dimension:

𝐒(𝓁)𝑡 = concat
(
𝐒(𝓁,1)𝑡 , … , 𝐒(𝓁,𝐻sp)𝑡

)
𝐖(𝓁)

𝑂,sp, 𝐒(𝓁)𝑡 ∈ ℝ𝐶×𝐷 (12)
with𝐖(𝓁)

𝑂,sp ∈ ℝ𝐷×𝐷 . Stacking over all timesteps gives 𝐒(𝓁) ∈ ℝ𝑇×𝐶×𝐷 .
Temporal attention is applied along the time dimension. In con-

trast to using a single shared temporal attention module for all chan-
nels or a separate module for each channel, the implemented model
uses modality-grouped temporal attention. Let𝒩 denote the set of
modality groups, here consisting of EMG, IMU acceleration, and IMU
orientation. Each modality group 𝑛 ∈ 𝒩 contains a subset of channel
indices 𝒞𝑛 ⊆ {1, … , 𝐶}. Each modality group has its own temporal
multi-head attention module, while channels within the same modal-
ity group share the temporal attention parameters.
Let the input to transformer layer 𝓁 for one sequence be 𝐙(𝓁) ∈

ℝ𝑇×𝐶×𝐷 . For a channel 𝑐 ∈ 𝒞𝑛, the temporal sequence is defined as:

𝐙(𝓁)𝑐 =
[
𝐳(𝓁)1,𝑐 , … , 𝐳

(𝓁)
𝑇,𝑐

]⊤
∈ ℝ𝑇×𝐷 (13)

For modality group 𝑛, temporal head ℎ ∈ {1, … ,𝐻tp}, and trans-
former layer 𝓁, modality-specific projection matrices are used:

𝐐(𝓁,ℎ,𝑛)
tp,𝑐 = 𝐙(𝓁)𝑐 𝐖(𝓁,ℎ,𝑛)

𝑄,tp ,

𝐊(𝓁,ℎ,𝑛)
tp,𝑐 = 𝐙(𝓁)𝑐 𝐖(𝓁,ℎ,𝑛)

𝐾,tp ,

𝐕(𝓁,ℎ,𝑛)
tp,𝑐 = 𝐙(𝓁)𝑐 𝐖(𝓁,ℎ,𝑛)

𝑉,tp

(14)

where the projection matrices 𝐖(𝓁,ℎ,𝑛)
𝑄,tp ,𝐖(𝓁,ℎ,𝑛)

𝐾,tp ,𝐖(𝓁,ℎ,𝑛)
𝑉,tp ∈ ℝ𝐷×𝑑ℎ,tp

map the model dimension𝐷 to the per-head dimension 𝑑ℎ,tp = 𝐷∕𝐻tp,
so that 𝐐(𝓁,ℎ,𝑛)

tp,𝑐 , 𝐊(𝓁,ℎ,𝑛)
tp,𝑐 , 𝐕(𝓁,ℎ,𝑛)

tp,𝑐 ∈ ℝ𝑇×𝑑ℎ,tp . The superscript 𝑛 indicates
that these projections are specific to modality group 𝑛.
To prevent information leakage from future timesteps, a causal mask
𝐌𝑐 ∈ ℝ𝑇×𝑇 is added to the attention, setting all future timesteps to
−∞. For variable-length sequences, a padding mask 𝐌𝑝 ∈ ℝ𝑇×𝑇

prevents attention from being applied to the zero-padded timesteps
introduced during batching: if the valid sequence length is 𝑇valid, all
key positions 𝑗 > 𝑇valid are set to −∞. Together, these masks make
temporal attention causal and segment length-aware.
The temporal attention output for channel 𝑐, modality group 𝑛,

layer 𝓁, and head ℎ is computed as:

𝐓(𝓁,ℎ,𝑛)
𝑐 = sof tmax

⎛
⎜
⎜
⎝

𝐐(𝓁,ℎ,𝑛)
tp,𝑐

(
𝐊(𝓁,ℎ,𝑛)
tp,𝑐

)⊤

√
𝑑ℎ,tp

+𝐌𝑐 +𝐌𝑝

⎞
⎟
⎟
⎠

𝐕(𝓁,ℎ,𝑛)
tp,𝑐

𝐓(𝓁,ℎ,𝑛)
𝑐 ∈ ℝ𝑇×𝑑ℎ,tp

(15)

For each channel 𝑐 ∈ 𝒞𝑛, the temporal headswithin the samemodality
group are concatenated and projected back to the model dimension:

𝐓(𝓁,𝑛)
𝑐 = concat

(
𝐓(𝓁,1,𝑛)
𝑐 , … , 𝐓(𝓁,𝐻tp ,𝑛)

𝑐

)
𝐖(𝓁,𝑛)

𝑂,tp , 𝐓(𝓁,𝑛)
𝑐 ∈ ℝ𝑇×𝐷 (16)

with𝐖(𝓁,𝑛)
𝑂,tp ∈ ℝ𝐷×𝐷 . Repeating this for all channels in all modality

groups and placing the outputs back at their original channel positions
gives the temporal output of layer 𝓁: 𝐓(𝓁) ∈ ℝ𝑇×𝐶×𝐷 .
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The spatial and temporal outputs are fused by summation, followed
by dropout, a residual connection, and layer normalization:

𝐔(𝓁) = LayerNorm
(
𝐙(𝓁) + dropout(𝐒(𝓁) + 𝐓(𝓁))

)
(17)

A pointwise feed-forward network is then applied independently
to each token:

𝐙(𝓁+1) = LayerNorm
(
𝐔(𝓁) + Dropout

(
FFN(𝐔(𝓁))

))
(18)

After the final transformer block 𝓁 = 𝑁𝐿, the representation at the
last valid timestep 𝑡 = 𝑇valid is selected:

𝐙 = 𝐙(𝑁𝐿)𝑇valid ∈ ℝ𝐶×𝐷 (19)

To aggregate the spatial representations across all channels, a param-
eterized attention pooling mechanism is employed. First, a learned
multi-layer perceptron (MLP) computes a scalar relevance score 𝑠𝑐 for
each channel representation 𝐙𝑐 ∈ ℝ𝐷 :

𝑠𝑐 = 𝐰⊤
2 tanh(𝐖1𝐙𝑐 + 𝐛1) + 𝑏2 (20)

where𝐖1 ∈ ℝ(𝐷∕2)×𝐷 , 𝐛1 ∈ ℝ𝐷∕2, 𝐰2 ∈ ℝ𝐷∕2, and 𝑏2 ∈ ℝ are the
weights and biases of the two-layer pooling network (hidden dimen-
sion 𝐷∕2, tanh activation).
These raw scores are normalized across the spatial channel dimen-

sion using the sof tmax function to yield the attention weights 𝛼𝑐. The
pooled representation 𝐳 is then computed as the attention-weighted
sum of all channel embeddings:

𝛼𝑐 = sof tmax(𝑠𝑐), 𝐳 =
𝐶∑

𝑐=1
𝛼𝑐𝐙𝑐 (21)

where 𝐳 ∈ ℝ𝐷 . Because each weight 𝛼𝑐 quantifies how strongly the
model relies on channel 𝑐 when forming its prediction, these pooling
weights are later extracted and aggregated per channel and per sensor
group to serve as the model’s intrinsic attention-based importance
measure (Section 2.4.4, and Section 2.4.5).
Finally, this unified spatio-temporal representation is mapped to a

continuous scalar regression:

𝑦̂ = 𝐰𝑜𝐳 + 𝑏𝑜 (22)

where 𝐰𝑜 ∈ ℝ𝐷 and 𝑏𝑜 ∈ ℝ are the regression projection weights
and bias. This results in the estimated weight 𝑦̂, which is the output
of the spatio-temporal transformer architecture. This entire process
encompasses the nonlinear model function 𝑓(⋅) in Equation 1.

2.4.3. Data augmentation and regularization

To help overcome inter- and intra-subject variability and prevent over-
fitting, data augmentation and several generalization techniques are
implemented. As previously mentioned, AdamW introduces weight
decay [17], and the proposed ST-Transformer architecture introduces
dropout, both of which act as strong regularizers.
To address the imbalance in training samples across participants

and weight classes, a joint participant-weight-class-balancing algo-
rithm was implemented, leveling them out using data augmentation.
When a class is underrepresented, data-augmented duplicates are
added until the target is reached. When a class is overrepresented,
samples are removed, and existing samples have a probability of being
augmented. The joint class and participant targets are configured to
minimize the number of samples lost in the dataset. Dataset cleans-
ing and the lost samples due to dataset balancing are discussed in
Appendix E.
The following data augmentations are introduced for the following

reasons:

• Gaussian noise is added to the normalized features to make the
model less susceptible to very noisy signals.

• Temporal stretch scales the sequence length of features using
a random factor and accommodates for the changed sequence
length through interpolation, simulating variations in velocity
while preserving the raw signal physics within each individual
slidingwindow. Thismakes themodel less prone to overfitting on
specific movement speeds and participants’ specific movement
speeds.

• Channel dropout will randomly mask a signal, forcing the
model not to overfit on a specific channel and regularize its pre-
diction for all channels.

A well-performing parameter configuration was established via a hy-
perparameter sweep, as described in Appendix D.

2.4.4. Channel Attribution Methods

From a practical and computational standpoint, reducing the number
of input channels is desirable, and sensors placed close together can
naturally be integrated into a single device. The commercial MYO
armband (Thalmic Labs, now discontinued) illustrates this: a compact
forearm-worn band combining 8-channel EMG and a 9-DOF IMU
withwireless transmission, it has beenwidely used for EMG- and IMU-
based control [29, 55, 59]. The acquisition setup in this study spans
the whole arm, so identifying where the load-relevant information
concentrates indicates where such a device should be placed.
To address this, several channel attribution methods were used to

assess the importance of each channel. Multiple regularization tech-
niques that promote the use of diverse channels for prediction, as well
as channels that contain redundant, nonindependent information,
made these results inherently ambiguous. Nevertheless, this article
uses four complementary methods (ablation, DeepSHAP, attention-
pooling weights, permutation importance, and sensor-group retrain-
ing ablation) in Section 3.3 and 3.4 to identify the channels and sensor
groups most likely to contribute to the prediction.
First, a modality ablation was performed, retraining and evaluating

the model on EMG channels only and IMU channels only. This iso-
lates the contribution of each modality and reveals the effect of sensor
fusion. An ablation over all individual channel combinations was not
conducted due to computational cost.
Second, a DeepSHAP analysis was performed on the trained net-

work [18, 19]. DeepSHAP propagates per-neuron attribution scores
backward through the network using DeepLIFT’s rescale rule [19],
yielding an approximation of the Shapley value of each input feature
relative to a baseline distribution. DeepSHAP decomposes a single pre-
diction into feature contributions that sum to the difference between
the prediction and the mean prediction over the baseline distribu-
tion. The baseline consisted of 𝑁bg = 200 randomly sampled training
segments, and attributions were computed for 𝑁exp = 100 randomly
sampled test segments.
The raw attributions 𝝓 ∈ ℝ𝑁exp×𝐹×𝑇 are defined per input feature.

A single importance score per channel is obtained by summing the
absolute attributions over the channel’s 𝐹𝑐 features and over time,
averaged across the explained segments:

𝜙̄𝑐 =
1

𝑁exp

𝑁exp∑

𝑛=1

𝐹𝑐∑

𝑓=1

𝑇∑

𝑡=1

||||𝜙𝑛,𝑐,𝑓,𝑡
|||| (23)

where 𝜙𝑛,𝑐,𝑓,𝑡 is the attribution of the 𝑓-th feature of channel 𝑐 for
sample 𝑛 at timestep 𝑡. These per-channel scores were grouped by
modality, providing both a measure of sensor-fusion effectiveness
(analogous to the ablation study) and a measure of channel-level
reliance (analogous to the permutation analysis), but derived from
the trained network’s internal computations rather than from input
perturbations.
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Third, the model’s intrinsic attention-pooling weights were used as
an attributionmeasure. As described in the architecture (Equation 21),
the final spatio-temporal representation is aggregated across the 𝐶
channels by a learned attention-pooling layer, which assigns each
channel a normalized weight 𝛼𝑐. Since 𝛼𝑐 quantifies how strongly
the readout relies on channel 𝑐 when forming its prediction, these
weights provide a channel-importance measure read directly from the
trained network. The pooling weights were extracted during inference
on the test segments and averaged across segments to obtain a single
weight per channel. Like DeepSHAP, this measure is derived from
the trained network’s internal computations rather than from input
perturbations.
Fourth, channel permutation importance was evaluated by ran-

domly shuffling the channels between other segments in the test set
and evaluating themodel on each permuted variant. For each channel,
performance degradation upon perturbation was measured, reflecting
the trained model’s reliance on that channel.

2.4.5. Sensor Group Ablation Methods

The attributionmethods above are test-set ormodel-intrinsicmeasures
of a channel (except for the modality ablation). Ablation on channel
groupings (sensor groups) provides a more conclusive measure of
each sensor’s contribution, at the cost of training a separate model
for each sensor group. Because reducing sensor count is desirable for
deployment, and sensors in physical proximity can easily be combined,
the channels were partitioned into the following five groups: the
upper-arm IMU (IMU-1, 6 channels), the forearm IMU (IMU-2, 6
channels), the shoulder EMG sensors (EMG-S; anterior, lateral, and
posterior deltoid; 3 channels), the two upper-arm EMG sensors (EMG-
U; biceps and triceps brachii; 2 channels), and the three forearm EMG
sensors (EMG-F; brachioradialis, ECR, FCU; 3 channels). A separate
model was trained and evaluated for every non-empty subset of these
five groups (31 combinations) and for both validation strategies.
For comparison with attribution measures as described in Section

2.4.4, each sensor group receives a single importance score. The con-
tribution of each group was quantified by its Shapley value [1], applied
as a sensor importance measure following coalitional-game-theory
feature selection [12]. The procedure for finding the sensor-group
Shapley values based on different model ablations is analogous to
the method used by Hamavar et al. [45] for feature selection in EEG
signals. The details for these calculations are described in Appendix
C. To compare sensor groups, the per-channel attribution measures
from Section 2.4.4 (permutation importance, DeepSHAP, and the
attention-pooling weights) were aggregated to each sensor group by
summing the scores of its corresponding channels and normalizing
across groups.

3. RESULTS
This section presents the best-performing Spatio-Temporal Trans-
former models and analyzes their results. These models are trained
and validated on the cleaned, participant-weight-balanced dataset
(𝑁segments ≈ 10, 000), with details on dataset cleansing found in Ap-
pendix E, and all participants are listed in Table 1 (P13 excluded due to
age). All reported performance metrics are participant-class-balanced:
each metric is computed individually for each participant and weight
class, then averaged, so that participants contributing more segments,
or the over-represented free-movement (0 kg) class, do not dominate
the result. Reported segment counts remain dataset totals.
Two validation strategies are compared. The participant-specialized

model uses 5-fold cross-validation stratified across all participants,
so every segment appears in the test set once, and performance is
measured when the model is trained and tested on the user. The
generalized model uses Leave-One-Participant-Out (LOPO) cross-
validation, where each fold holds out one participant for testing and
two for early-stopping validation (17 folds), measuring transfer to en-

tirely unseen users. Itmust be noted that themodel will perform better
on new participants who match the demographic and physiological
characteristics of those in Table 1.
The two validation strategies share the same loss function (Equa-

tion 6), but are tuned independently, so the hyperparameters, EMG
and IMU feature sets, and learning-rate schedule differ (Appendix D).
The participant-specialized model trains with a fixed-epoch OneCy-
cleLR, and the generalized model trains with a ReduceLROnPlateau
schedule and early stopping to prevent learning of participant-specific
patterns. Results are presented in five parts: regression performance
(per modality), an in-depth breakdown (participants, segment lengths,
weight classes), sensor channel attribution analysis, sensor group
ablation analysis, and computational feasibility. Statistical signifi-
cance is assessed using a Friedman test (Appendix F). The dataset is
available on reasonable request, and the code is publicly available on
GitHub [65].

3.1. Regression Performance

Figure 7 reports regression performance for the fused, EMG-only, and
IMU-only models under both validation strategies. Across all modali-
ties, the participant-specialized models (left column) clearly outper-
form the generalized models, quantifying the cost of cross-participant
transfer. Although participant-specialized training is impractical in
deployment, this confirms the architecture’s ability to capture the
signal dynamics relevant to load estimation. Figure 7 presents these
results as Tukey boxplots per weight class: the line marks the median
prediction, the box spans the interquartile range (IQR, 50% of predic-
tions), and the whiskers extend to 1.5·IQR, with points beyond plotted
as outliers.
Between the participant-specializedmodels, sensor fusion performs

best (R2 = 0.935,MAE = 0.316 kg,RMSE = 0.441 kg), ahead of EMG-
only (R2 = 0.913,MAE = 0.380 kg,RMSE = 0.520 kg) and IMU-only
(R2 = 0.719,MAE = 0.702 kg,RMSE = 0.974 kg). Both modalities
perform reasonably on their own, with EMG being clearly the superior
modality, and fusing them improves accuracy (the improvement is
statistically significant, Appendix F, Table 5).
Under generalization (LOPO), the benefit of sensor fusion is smaller

and not statistically significant(Appendix F, Table 5). However, all
performance metrics show slight benefits for sensor-fusion in the gen-
eralized model: sensor fusion performs best (R2 = 0.853,MAE =
0.536 kg,RMSE = 0.680 kg), slightly ahead of EMG-only (R2 =
0.839,MAE = 0.546 kg,RMSE = 0.703 kg) and far ahead of IMU-
only (R2 = 0.491,MAE = 0.989 kg,RMSE = 1.298 kg). The cost of
cross-participant transfer differs by modality: the IMU-only model
retains only 68.3% of its specialized R2 (0.719 → 0.491), whereas the
EMG-only and fused models both retain ≈ 92% (0.913 → 0.839 and
0.935 → 0.853). Kinematic signatures are more subject-specific, while
muscle activation generalizes better to unseen users.

3.2. In-Depth Performance

The first row of Figure 8 reports per-participant performance. Be-
yond the difference in performance between validation strategies, the
spread across participants also differs: the generalized model varies
roughly twice as much across participants as the specialized model
(𝜎gen = 0.106 kg against 𝜎spec = 0.056 kg for the fused model). This is
expected, as the specialized model learns participant-specific patterns,
whereas the generalized model’s accuracy on a held-out participant
depends on how closely that participant resembles the training set.
The two single-modality generalized models fail in different ways.
The IMU-only model spreads widely and symmetrically across par-
ticipants (𝜎 = 0.19 kg, Mean = 0.99 kg ≈ Median = 0.94 kg, range
0.67–1.37 kg): it is uniformly weak, indicating that kinematic load
cues transfer evenly poorly to all unseen users. The EMG-only model
spreads less overall (𝜎 = 0.17 kg) but is more skewed (Mean = 0.55 kg
above Median = 0.50 kg): it is accurate for most participants while
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Figure 7. Regression performance across the three sensor modalities (rows: sensor-fused, EMG-only, IMU-only) and two validation strategies (columns:
participant-specialized 5-fold cross-validation, generalized leave-one-participant-out). All metrics are computed per participant and averaged across

participants with equal weight.

a few transfer poorly (the spikes in Figure 8). This spread between
participants (and the limited number of participants) explains the
lack of statistical significance between the generalized sensor-fused
and EMG-only models. Across participants, fusion lowers MAE for
only 10 of 17 and by an average of 0.010 kg, small against the 0.129 kg
standard deviation of that per-participant difference.
The second row of Figure 8 shows regression performance as a func-

tion of segment length (𝐿 in Equation 1), i.e., the number of sliding-
window feature sets the model accumulates before its prediction. Bins
are retained only over the range in which all six weight classes con-
tain at least five segments, which truncates the results beyond 2.5 s.
Error peaks for mid-length segments (1.6 s for the generalized and
1.5 s for the specialized model) and then falls steadily toward the
longest windows, so over the full range the trend is only moderate and
non-significant (generalized MAE 𝑟 = −0.436, 𝑝 = 0.055; specialized
𝑟 = −0.337, 𝑝 = 0.146. Beyond the peak, however, additional tempo-
ral context produces a statistically significant reduction in error: the
generalized post-peak MAE correlates with duration at 𝑟 = −0.839
(𝑝 = 0.002), declining at 0.22 kg/s from 0.574 kg (1.6 s) to 0.351 kg

(2.5 s), a 38.9% reduction. The specialized model shows the same:
(𝑟 = −0.645, 𝑝 = 0.032; 0.336 → 0.220 kg, a 34.5% reduction). The
longest-segment bins include the fewest segments (𝑁segments,2.5 = 89),
so the gain in information content from a longer observation window
ismore valuable than the number of training segments, demonstrating
the benefit of the architecture’s variable-length handling.
The third row of Figure 8, togetherwith Table 2, breaks performance

down by weight class. Each load trend is defined by 𝛽, the slope of a
least-squares linear fit of MAE to applied weight (error in kg per kg of
load). Absolute error grows with load for both strategies: the fused
fit gives 𝛽 = 0.091 (𝑟 = 0.972, 𝑝 = 0.001) for the specialized model
and 𝛽 = 0.113 (𝑟 = 0.875, 𝑝 = 0.022) for the generalized model, with
the IMU-only model steepest in both regimes (𝛽 = 0.147, 𝑟 = 0.916,
𝑝 = 0.010 specialized; 𝛽 = 0.216, 𝑟 = 0.960, 𝑝 = 0.002 generalized).
The free-movement (0 kg) class is by far the easiest, predicted near-
perfectly by the fused and EMG-only models (MAE ≤ 0.07 kg), while
the IMU-only models are worse (MAE = 0.13 kg specialized, MAE =
0.31 kg generalized). The rise tends to plateau or slightly reverse
at the heaviest, most widely separated class (5.93 kg). This is most
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Figure 8. In-depth performance (based on MAE) across both participant-specialized and generalized models, for each modality. Includes performance across
participants, segment lengths, and weight classes. RMSE variant found in the Appendix as Figure 14.

pronounced for the generalized EMG-only model, whose error peaks
at 4.15 kg (0.93 kg) before falling to 0.59 kg at 5.93 kg. In relative
terms, accuracy improves with load: the fused error falls from 23%
of the applied weight at 0.98 kg to 10% at 5.93 kg for the specialized
model, and from 39% to 13% for the generalized model, so absolute
error grows sub-proportionally and heavy loads are estimated most
precisely relative to their magnitude. Due to the large performance
gap between the free-movement and loaded classes, the overallmetrics
can be skewed. Table 2 therefore reports the two groups separately,
revealing substantially higher error on the loaded classes for every
model.

3.3. Sensor Channel Attribution

Channel attribution to the prediction was assessed with three comple-
mentary, model-faithful measures (Figure 9): DeepSHAP, the model’s
intrinsic attention-pooling weights, and permutation importance. The
modality ablation (Figures 7 and 8) already established EMG as the
stronger modality for load estimation in both settings, and all three at-

tributions reflect this, assigning EMG the majority of total importance
in both models. DeepSHAP attributes 68.3% of importance to EMG
in the specialized model and 68.4% in the generalized model (versus
31.7% and 31.6% for the IMU). The attentionweights attribute 66.0% of
importance to EMG in the specialized model and 79.6% in the general-
ized model (versus 34.0% and 20.4% for the IMU). The three measures
also attribute importance similarly at the channel level, and the rank-
ings are strongly correlated across importance methods (Spearman:
𝑟 = 0.88, 𝑝 = 2.32 ⋅ 10−7 for DeepSHAP; 𝑟 = 0.72, 𝑝 = 3.41 ⋅ 10−4
for permutation; 𝑟 = 0.75, 𝑝 = 1.26 ⋅ 10−4 for the attention weights),
so the model relies on the similar channels whether personalized
or generalized. The main difference is that the generalized model
focuses more on the most reliable channels: its top three channels
account for 84% of total permutation importance, compared with 75%
for the specialized model, and the attention weights show the same
shift even more sharply, concentrating 44% of their total mass on the
Brachioradialis and Extensor Carpi Radialis (ECR) alone, versus 25%
in the specialized model.

All three measures agree on which channels matter. DeepSHAP
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Table 2. Performance comparison for the free-movement weight class (0.00 kg)
and the loaded weight classes (> 0.00 kg) across sensor modalities for the
participant-specialized (Spec.) and generalized LOPO (Gen.) models. All
metrics are participant-class-balanced. R2 cannot be defined for a single class.

Modality Weight Class Metric Spec. Gen.

Sensor-
Fused

Free Movement MAE (kg) 0.017 0.045
RMSE (kg) 0.111 0.154

Loaded
MAE (kg) 0.390 0.637
RMSE (kg) 0.570 0.826
R2 0.885 0.758

EMG Only

Free Movement MAE (kg) 0.041 0.065
RMSE (kg) 0.157 0.213

Loaded
MAE (kg) 0.454 0.670
RMSE (kg) 0.644 0.881
R2 0.855 0.723

IMU Only

Free Movement MAE (kg) 0.129 0.307
RMSE (kg) 0.433 0.655

Loaded
MAE (kg) 0.819 1.179
RMSE (kg) 1.119 1.539
R2 0.565 0.161

and permutation both rank the Brachioradialis first, and the attention
weights place it first in the generalizedmodel (ranking ECRmarginally
ahead of it in the specialized model). The orderings are strongly
correlated (DeepSHAP vs. permutation Spearman: 𝑟 = 0.812, 𝑝 =
1.38⋅10−5 specialized, 𝑟 = 0.715, 𝑝 = 3.87⋅10−4 generalized; attention
vs. DeepSHAP: 𝑟 = 0.86 and 0.92; attention vs. permutation: 𝑟 = 0.80
and 0.75). They differ mainly in how concentrated that importance
is. DeepSHAP attribution and the attention weights are both spread
relatively evenly across channels, whereas permutation importance
is concentrated: in the specialized model, the single most important
channel accounts for only ∼ 18% of total DeepSHAP attribution and
∼ 15% of the attention mass, but ∼ 47% of total permutation degrada-
tion. This indicates that the model, encouraged by dropout, weight
decay, and channel dropout, learns a distributed representation rather
than relying on a few channels. Permutation exposes redundancy:
15 of the 20 channels each contribute less than 5% of the most im-
portant channel’s degradation. This suggests the model could retain
comparable accuracy with substantially fewer channels.

3.4. Sensor Group Ablation

The model was retrained on every combination of the five sensor
groups defined in Section 2.4.5. The heatmap in Figure 10 shows the
participant-class-macro MAE of all 31 combinations under both vali-
dation strategies. Under the participant-specialized strategy, the full
20-channel set performs best (0.323 kg), but several reduced sets come
close. EMG groups dominate: the EMG-only set (8 channels) reaches
0.375 kg, far ahead of the IMU-only set (12 channels, 0.708 kg), and the
three forearm EMG (EMG-F) channels alone (0.419 kg) outperform
all other channels combined. Dropping the shoulder EMG (EMG-S)
and the upper-arm IMU (IMU-1) loses almost nothing. The following
subset is within 1.5% of the full model: forearm IMU (IMU-2), fore-
arm EMG, and upper-arm EMG (EMG-U) (11 channels, 0.327 kg). A
purely forearm-worn set (IMU-2 and EMG-F, 9 channels, 0.358 kg),
as a MYO-like device, would retain most of the performance while
benefiting from the two additional upper-arm EMG channels.
Ablation under the cross-participant (LOPO) strategy reproduces

this pattern at a consistently higherMAE. The full set reaches 0.512 kg,
the EMG-only set (0.606 kg) again far outperforms the IMU-only set
(0.987 kg), and the three forearm EMG channels alone (0.629 kg) still
beat all other channels combined. The forearm-worn MYO-like set
holds up (0.592 kg), and a forearm-plus-shoulder EMG set with a
single IMU (12 channels, 0.509 kg) matches the full model. The two
strategies rank the 31 combinations almost identically (Spearman:
𝑟 = 0.93, 𝑝 < 0.001), so the practical conclusion (that load-relevant

0 20

BR
ECR

LD
BB

FCU
AD
PD
TB

az, 1
ax, 2
az, 2
ay, 1

2
ay, 2

2
ax, 1

1

1
1

2

DeepSHAP

0 20

Attention

0 50

Permutation

Normalized Importance

Participant-Specialized Model
Generalized Model (LOPO)

EMG
IMU

Figure 9. Channel importance for the participant-specialized and generalized
sensor-fused models. Each plot shows the normalized per-channel

importance for one attribution method: DeepSHAP (left), permutation
(middle), and attention pooling (right). Participant-specialized versus

generalized (LOPO) for both modalities.

information concentrates in the forearm EMG) transfers from within-
subject calibration to unseen participants.
The lower two plots of Figure 10 compare the retraining-based

ablation (Shapley) value of each group (Appendix C) with the normal-
ized permutation, DeepSHAP, and attention-pooling importances, for
the participant-specialized (upper) and generalized (lower) models.
All four measures rank forearm EMG first by a wide margin (Shap-
ley share 0.32 specialized, 0.33 generalized). Permutation tracks the
Shapley ordering most closely and is the only attribution significant
under both strategies (Spearman: 𝑟 = 0.90, 𝑝 = 0.037 specialized;
𝑟 = 1.00, 𝑝 = 0.017 generalized). Attention matches Shapley under
generalization (𝑟 = 0.90, 𝑝 = 0.037) but not specialization (𝑟 = 0.30,
𝑝 = 0.62), andDeepSHAP correlates weakly in both regimes (𝑟 = 0.30,
𝑝 = 0.62 specialized; 𝑟 = 0.60, 𝑝 = 0.29 generalized). The two model-
internal attributions diverge from the retraining measures mainly
by promoting shoulder EMG to second place, whereas Shapley and
permutation rank it in the middle. All four nonetheless agree on the
forearm-EMG dominance, confirming that the load-relevant infor-
mation concentrates in the forearm muscles, whether the model is
calibrated within-subject or generalized to unseen participants.

3.5. Computational Feasibility

Because the model is intended for real-time control, each estimate
must be produced within the prediction interval ∆𝑡 = 100 ms. The
window length 𝐿 trades accuracy (favoring longer windows) against
responsiveness (favoring shorter ones): the segment-length analysis
(Figure 8) shows error decreasing toward longer observation windows,
while the 100ms interval bounds how often a new estimate is issued.
Within this budget, two costs must fit: feature extraction and a single
model forward pass.
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The parameter, memory, and operation counts below are exact prop-
erties of the trainedmodel: the GPU timing ismeasured, themicrocon-
troller latencies are analytical projections, as no on-hardware deploy-
ment was performed. The sensor-fused model has𝑁params ≈ 1.03 ⋅ 106
trainable parameters, occupying 4.12MB in FP32 and 1.03MB after
post-training INT8 quantization, within the 2MB on-chip Flash of
an advanced microcontroller such as the STM32H74. A single for-
ward pass requires ≈ 1.15 ⋅ 106 multiply–accumulate operations and
executes in 0.62ms on the host NVIDIA A100 GPU.
Projected onto an ARM Cortex-M7 (480MHz) under the through-

put assumptions detailed in Appendix G, INT8 inference is bounded
at≈ 10ms and feature extraction at≈ 15ms, a combined≈ 25ms per
update and a ≳ 75% idle margin within the 100 ms interval. These
estimates indicate that the pipeline is feasible for real-time edge exe-
cution on current microcontrollers. On-hardware validation is left to
future work (Section 5). A more detailed description of this feasibility
estimate is given in Appendix G.

4. DISCUSSION
The central result in this paper is the effect of sensor fusion on load
estimation. Fusing EMG and IMU improves the estimate, significantly
so within a participant (specialized: SF < EMG < IMU, generalized:
SF ≈ EMG < IMU, Table 5). Across participants, the fused model
reaches the lowest error of the three modalities but is not significantly
better than EMG alone (Figure 7, Table 2). The IMU thus carries load
information that is complementary to the stronger EMG modality
within a participant, but potentially redundant across participants.
The IMU senses load only through the resulting motion (for a given
movement, 𝑎 = 𝐹∕𝑚), which has two consequences. First, the IMU
is the weaker modality within a participant (specialized participant-
class-macro MAE 0.702 kg versus 0.380 kg). The IMUmeasures the
acceleration profile that differs due to the load’s inertia, whereas EMG
measures the direct muscle command that moves it. A direct readout
of effort is more informative than its mechanical consequence. Sec-
ond, the IMU transfers worse to unseen participants, retaining only
68.3% of its specialized R2, compared with roughly 91% for the EMG-
only and fused models. Recovering load from acceleration requires
the participant’s limb inertia, anthropometry, and sensor placement,
so the IMU’s load information is entangled with the participant’s
specific information. Previous work already established difficulties
in cross-participant IMU-based recognition due to these factors [27].
EMG holds load information that is subject-variable too [51], but after
MVC-style normalization, it maintains a more transferable relation-
ship between effort and force, so transfer succeeds when a held-out
participant resembles those of the training set.
These findings extend a well-documented observation. Inter-

subject variability, e.g., from anatomy, sensor or electrode placement,
and movement style, is the central barrier to cross-participant general-
ization, both in IMU-based activity recognition [27] and in EMG-based
control [51]. Consistent with this, Zhao et al. [64] report a comparable
cross-participant degradation (97.3% → 88.2%) for EMG state classifi-
cation; Pesenti et al. [37] achieve strong within-participant IMU-based
load estimation (88.16%median) without testing transfer; and Kumar
et al. [58] jointly estimate motion parameters and external load from
EMG using physics-informed modeling, with cross-participant trans-
fer. This paper quantifies how inter-subject variability affects load
and localizes it: the transferable load signal is carried by muscle acti-
vation, whereas the IMU’s contribution appears participant-specific.
Therefore, fusion holds only a slight, non-significant edge over EMG
alone in the generalized model. The largest gain lies in extracting that
participant-specific IMU information in a transferable form, poten-
tially using per-subject calibration, gain-invariant features, or adver-
sarial disentanglement of subject identity [60] (Section 5).

4STM32H7 - Arm Cortex-M7 (480 MHz), URL:
https://www.st.com/en/microcontrollers-microprocessors/stm32h7-series.html
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and permutation. RMSE variant found in the Appendix as Figure 15.

Across weight classes, all models distinguish free movement from
loaded movement well, and error grows with load while relative error
falls (Figure 8). As effort increases, absolute EMG amplitude becomes
less reliable [14], an effect magnified by the normalization used here
(an approximation of maximum voluntary contraction (MVC) via the
99th percentile of each session [30]). Absolute error growswithweight
(𝛽 = 0.091 sensor-fused specialized, 𝛽 = 0.113 sensor-fused gener-
alized), but relative error shrinks over weight classes (23% → 10%
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sensor-fused specialized, 39% → 13% sensor-fused generalized). Yet
the largest class is also the most widely separated, with no intermedi-
ate 5 kg level, so it is comparatively easy to distinguish. This is visible
as the dip in EMG-only error at 5.93 kg relative to 4.15 kg, and the
class carries the lowest relative error. A more granular set of weights
would be needed for more conclusive results.
Estimation accuracy also depends on how much of the movement

the model has observed. The low error at the shortest segments likely
reflects movement length rather than observation time: short seg-
ments correspond to small-distance moves, in which the load is dis-
placed only slightly and the EMG signal stays comparatively clean,
whereas longer-distance moves accumulate more motion-related vari-
ability. However, this hypothesis is not validated. Within the range of
longer segment lengths, error falls steadily once more information is
accumulated: beyond the peak at 1.6 s, the generalized MAE drops
by 38.9% (to 0.351 kg at 2.5 s), and the specialized model behaves the
same way. Because the longest windows are also the least represented
in the dataset, this gain is due to longer observations rather than to
more training data at that length. For real-time control, it sets up
a trade-off between accuracy and responsiveness: a longer window
yields a better load estimate but delays it. A practical controller could
send an early estimate from a short window and refine it as the lift pro-
gresses, which the architecture’s variable-length, streaming operation
directly supports.
Architecturally, the spatio-temporal transformer of Aksan et al. [26],

originally designed for autoregressive 3D human-motion prediction
over skeletal joints, was adapted in three main ways for this task. First,
the spatial dimension was reinterpreted from skeletal joints to sensor
channels, so that spatial attentionmodels cross-sensor (EMG–IMU) re-
lationships at each timestep rather than inter-joint dependencies. Sec-
ond, the per-joint temporal attention of the original was replaced with
modality-grouped temporal attention. EMG, IMU-acceleration, and
IMU-orientation channels each receive their own temporal-attention
parameters while sharing within a group, reflecting the distinct tem-
poral dynamics of muscle activation and limb kinematics. Third, the
autoregressivemotion decoder was replaced with an attention-pooling
regression over the channels at the final timestep, producing a single
scalar load estimate, and causal and padding masks were added to
enable the model to operate on variable-length segments.
With these adaptations, the architecture performs in the same range

as the strongest baselines (Appendix H, Figure 12, Table 6). Within
participants, the recurrent models (LSTM, GRU) reach significantly
lower MAE than the ST-Transformer (0.18 and 0.20 versus 0.32 kg;
𝑝adj = 0.006), but the gap is limited to MAE: on RMSE, the recur-
rent models and the ST-Transformer are statistically indistinguish-
able. This advantage of MAE stems from the fact that the classes
are discrete. The recurrent models minimize error by snapping their
predictions onto the six training loads, observable in Figure 13 (94%
of LSTM and 91% of GRU predictions land within 10% of a training
load, against 65% for the ST-Transformer), behaving more like classi-
fiers than continuous estimators, a strategy that lowers MAE but not
RMSE. Crucially, the advantage does not transfer across participants.
Under LOPO, the recurrent models no longer snap to the discrete
classes, and the difference is no longer significant: the LSTM, GRU,
and ST-Transformer form a single statistically indistinguishable top
group (0.49, 0.50, and 0.54 kg), with the vanilla transformer and the
convolutional models behind (Table 6). The ST-Transformer, there-
fore, aligns with well-established model architectures in generalized
modeling. With a prediction geometry essentially unchanged between
participant-specialized and generalized.
The spatial and temporal attention map naturally onto this prob-

lem, which motivated the choice of architecture. Spatial attention
introduces the cross-sensor (EMG–IMU) coupling on which fusion
depends, and modality-grouped temporal attention captures muscle
activation and limb kinematics independently. The model is com-
petitive with the established sequence baselines (LSTM and GRU)

while offering an explicit fusion mechanism. Another advantage is
that the attention mechanism also makes the model intrinsically in-
terpretable. The attention-pooling head assigns each sensor channel
an explicit, normalized weight, which served as a model-intrinsic
channel-attribution measure (Section 3.3). The spatial and temporal
attention maps offer a further, complementary view of the model’s
internal reasoning, revealing which sensor channels attend to one
another and which timesteps within a movement the model attends.
These maps were not yet analyzed in this paper and are left to future
work (Section 5). Because the architecture is inherited from a multi-
joint motion predictor, it also carries capacity beyond what scalar load
regression uses. Restoring a sequence-prediction head would poten-
tially let the same spatio-temporal backbone unify load andmulti-joint
motion prediction, a model that assistive control ultimately requires
(Section 5). Its appeal, therefore, lies in the fusion mechanism it of-
fers, the intrinsic interpretability of its attention, and its extensibility
toward a unified load estimation and motion-prediction model.
The results also point toward a compact, deployable sensor set.

The ablation shows the load-relevant information concentrates in
the forearm, a ranking that is near-identical across both validation
strategies (Spearman 𝑟 = 0.93): the three forearm EMG channels
alone outperform all other channels. Within participants, a forearm-
worn combination of EMG and IMU (9 channels) recovers most of
the full model’s accuracy, reaching within 1.5% of it once two upper-
arm EMG channels are added (11 channels). Under cross-participant
generalization, the same reductions cost more (roughly 15–25%), so
such a forearm device benefits most when paired with calibration. A
wrist- or forearm-mounted device along the lines of theMYO armband
would therefore capture most of the usable signal, which is attractive
for cost, integration, and practicality.
Several limitations bound these conclusions. Both modalities are

normalized using per-session statistics (a 99th-percentile envelope
peak for EMG and a robust median/IQR for IMU), which is itself a
form of per-participant calibration. The generalized model is there-
fore not fully decoupled from each held-out participant’s data, and
a fully calibration-free deployment may transfer somewhat less well.
The computational analysis is estimated rather than measured on
hardware, and the load estimate is not yet evaluated in a closed loop
within an assistive device. The interaction between human, system,
and environment would alter dynamics and signal characteristics,
likely requiring application-specific retraining. The dataset is not
demographically diverse (17 participants aged 22–27) and uses six
discrete, cylindrical weights moved across a button matrix, so grasp
and posture are far more uniform than in real object manipulation.
The binary button state also limits labeling to discrete classes and
introduces a fixed pickup/in-air/drop-off segment structure absent in
continuous deployment. The channel-level attribution estimates rely
on measures evaluated on the trained model at test time (DeepSHAP,
permutation importance, and the model’s attention-pooling weights).
Only the sensor-group importances were additionally checked against
a retraining ablation (Section 3.4). There, permutation importance
closely matched the retraining ranking, and all four measures identi-
fied the forearm EMG as the dominant group, though there was no
agreement on the order of the lower-ranked groups. The architec-
tural modifications themselves (the channel-wise spatial dimension,
modality-grouped temporal attention, and the attention-pooling head)
weremotivated by the fusion and regression task but not isolated in ab-
lation tests. The reported comparison establishes that the architecture
as a whole is competitive with standard recurrent baselines and out-
performs convolutional ones, not that each modification contributes
independently.

5. FUTURE WORK
The primary direction for future work is to improve the fusion advan-
tage and to establish it statistically for LOPO generalized modeling,
thereby closing the gap between the participant-specialized and gen-
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eralized models. The load-relevant IMU information is entangled
with participant-specific factors such as limb inertia, muscle gain, and
sensor placement, so the goal is to recover the load-relevant compo-
nent in a participant-invariant form. Two further strategies could help
to reach this goal. First, because the load reaches the IMU largely
through this participant-specific information, representations that
are invariant to it, such as physics-informed models or informative
features relating EMG and IMU, could reduce the model’s reliance
on subject-specific features and improve transfer [58]. Second, at
the architectural level, contrastive learning could extract discrimi-
native cross-modal representations [31], while adversarial learning
could explicitly disentangle participant-specific information from load-
relevant IMU features [60]. Should full generalization remain out of
reach, the significantly stronger participant-specialized performance
makes per-user retraining a reasonable fallback. This approach is
undesired, since labeling currently depends on the custom button
matrix and is impractical outside a data-collection setting.
Beyond the modeling, the experimental setup and hardware leave

substantial room for improvement. An embedded EMG and IMU
system capable of on-device inference should be developed to ensure
hardware-synchronized, higher-quality data and to streamline integra-
tion. Such a system would address the limitations of the current setup,
including the jumper-wire connections, unaddressed timing delays,
and the IMU sampling rate, which was interpolated tomatch the EMG
rate. A natively higher IMU sampling rate may yield richer features
and a larger overall IMU contribution. The button matrix should like-
wise be reconsidered. Replacing it with pressure pads would eliminate
the small timing delays introduced at pickup and allow continuous
weight labeling instead of discrete labeling. Continuous weight labels
would enable training on sliding-window segments that capture con-
tinuous picking-and-placing dynamics rather than uniform segments,
yielding a more realistic representation of real-world behavior and
mitigating the segmentation bias that assumes each segment contains
a pick-up, in-air, and drop-off phase.
The dataset should also be expanded in two ways. First, a more

demographically diverse participant selection is required: the current
group is not diverse (predominantly right-handed participants aged
22-27 from the Netherlands), which would enable stronger generaliza-
tion. Second, the interactions themselves should be more varied and
realistic. The current setup uses cylindrical weights of equal diameter,
which results in identical grasping across loads and overly uniform
movements. Adding more complex grasping and movements, along
with more weight classes, would increase dataset diversity, better re-
flecting the wide variation in arm and hand postures in real-world
object manipulating.
The attention mechanism also offers more interpretability beyond

what was used in this paper. The attention-pooling weights were used
here as a channel-importance measure (Section 3.3), but the model’s
spatial and temporal attention maps were not analyzed. Spatial atten-
tion across sensor channels directly reveals the cross-sensor coupling
on which fusion depends, including which EMG and IMU features at-
tend to one another, whereas causal temporal attention reveals which
phases of a lift the model attends. Examining these maps could clarify
how and when the IMU complements EMG, informing sensor place-
ment and feature design. Because the reliability of attention weights
is up for debate [23, 25], such explanations would need to be validated
with other methods, like the ones used in this paper.
Finally, deploying this algorithm within an assistive robotic control

loop introduces requirements beyond load estimation alone. Inte-
grating the model and its sensory system into a physical device re-
quires developing an application-specific variant of the model. Since
movement and load-bearing are not independent actions, future work
should investigate combining motion-intention prediction and load
estimation, either as parallel estimators or as a unified load-motion
prediction model. A unified load–motion estimator is feasible: Kumar
et al. [58] jointly predict joint kinematics, torque, and external load

from sEMG with a physics-informed BiGRU that generalizes across
subjects without retraining, though from a single modality rather
than fused EMG and IMU. This compatibility motivated the choice of
the spatio-temporal transformer in the first place: its explicit spatial
and temporal attention mirrors the structure of the spatio-temporal
motion-prediction model by Aksan et al. [26], making the two natu-
rally compatible. A shared spatio-temporal attention backbone could
thus jointly perform motion prediction and load estimation, poten-
tially providing the assistive controller with both.

6. CONCLUSION
Active exoskeletons and assistive robotic devices could provide more
effective support by adapting their assistance to the weight of the
objects a user manipulates. This requires inferring the held load in
real time from the device’s own sensors. With this objective, synchro-
nized EMG and IMU signals were used as inputs to a spatio-temporal
transformer (ST-Transformer) that regresses the held load. The ar-
chitecture is competitive with the strongest established architectures
(GRU, LSTM), and was adopted as the primary model for its explicit
sensor-fusion mechanism, its intrinsic interpretability, and its natural
extensibility toward joint load–motion estimation.
This paper showed that the model estimates the held load from

arm muscle activation and limb kinematics with R2 = 0.935, MAE
0.316 kg, and RMSE 0.441 kg when trained and tested on the same par-
ticipants, dropping to R2 = 0.853, MAE 0.536 kg, and RMSE 0.680 kg
across unseen participants. All metrics are participant-class-balanced.
Fusing EMG and IMU was significantly more accurate than either
modality alone within a participant, but in the generalized (LOPO)
setting, the fused model held only a slight, non-significant edge over
the EMG-only model. The IMU-only model degraded sharply during
generalization, indicating that load-relevant IMU information is en-
tangled with participant-specific characteristics. The central finding
is therefore that the transferable load signal is carried primarily by
muscle activation, and that the cross-participant fusion problem is
one of transfer rather than absence of information.
An attribution analysis combining modality ablation, DeepSHAP,

permutation importance, attention-pooling weights, and a sensor-
group retraining ablation confirmed this redundancy and localized the
load-relevant signal to the forearm muscles: a compact forearm-worn
EMG–IMU set recovered most of the full-array accuracy, indicating
that a wrist- or forearm-mounted device could capture the bulk of the
usable signal. The computational analysis estimated that the model is
feasible for real-time control.
The dataset was self-collected using a custom, synchronized acqui-

sition setup (a TMSi Porti7 EMG system and dual BNO085 IMUs, read
by an STM32F401 microcontroller)as well as a custom-built button
matrix that enabled automatic segmentation and labeling. The central
problem is the gap between participant-specialized and generalized
performance. Closing it is a priority for future work through im-
proved calibration or domain adaptation, and through a more diverse,
realistic dataset. Further development toward real-world application
should pair this with an improved acquisition system, deployment of
the model on a physical device, and an extension toward combined
load–motion estimation for assistive control.
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APPENDIX

A. Sensory acquisition system specifics

For reproducibility, this section provides all the details needed to re-
build the sensor hub used to produce the results in this paper. Figure
11 displays a schematic of the sensory acquisition system and its com-
ponent connections.
The ARM Cortex-M4 STM32F401 microcontroller was selected for

its high performance and its I/O flexibility 5. It generates the pseudo-
random binary sequence (PRBS) required for synchronization. It is
configured at 921600 Baud on USB Serial and runs C++ firmware. To
assure high-speed transmission, the data is packed using a 67-byte
binary protocol. The custom firmware for this application is publicly
available on GitHub [65].
The dual Adafruit BNO085 IMUs were selected for their high-

accuracy measurements and reliable onboard sensor fusion algorithm.
The chosen transmission mode for the IMU setup was UART-RVC,
as I2C was not supported for a dual BNO085 setup, and SPI was
deemed less practical due to its wiring. For transmission, 19-byte
binary packets were used, containing timestamps, on-board fused
three-dimensional Euler angles, and three-dimensional linear accel-
eration.
The 3x4 button matrix was manually constructed using tact but-

tons and diodes (1N4148). All buttons are 𝑑button ≈ 15 cm apart. The
microcontroller reads all rows and columns and can detect multiple si-
multaneous presses using the diode matrix setup. To eliminate switch
bounce, a debounce algorithm is applied to each of the 12 buttons
individually. This ensures that the button matrix outputs consistent
values. Rising edges and falling edges are recorded separately to en-
sure accurate matrix state switches. A key mask encodes the entire
button matrix as a 16-bit integer.
The TMSi Porti7 EMG device was configured using the accompany-

ing Python SDK from TMSi’s GitHub repository. Eight channels were
read out, corresponding to the muscle electrode channels, along with
a TRIG channel that transmits the PRBS.

Figure 11. This figure displays the hardware sensory setup in an overview,
together with the cable connections between all components.

B. PRBS-Kalman synchronization specifics

This algorithm synchronizes two independent acquisition systems
running on different internal clocks and at different sampling frequen-
cies: a TMSi Porti7 EMG system (𝑓EMG = 2000Hz) and an STM32F401
microcontroller (𝑓IMU = 500 Hz). The STM32 generates a PRBS-15
sequence and wires it directly to the Porti7 TRIG input. This creates
a shared reference signal that is observable in both systems, but at
different times due to transmission delay. In this section, the imple-
mentation details of the real-time PRBS-Kalman algorithm will be
discussed. The system code is publicly available on GitHub [65].
5STM32F401 - Arm Cortex-M4, URL: https://www.st.com/en/microcontrollers-
microprocessors/stm32f401.html

Stage 1: Cross-correlation

The first stage of the algorithm uses cross-correlation to determine
the offset between the two sensory systems at a given time point [3].
A PRBS-15 was selected at a chip rate of 𝑓𝑐 = 100 Hz, outputting a
new bit every 10ms. This chip rate was experimentally determined
and proved to be in the sweet spot. A higher chip rate would lead to
signal degradation due to the EMG system transmission.
To find the estimated delay and offset, cross-correlation between

the two acquired chip streams was used. The binary chips were made
bipolar to shift their mean to zero:

𝑐 = 2𝑐 − 1 ∈ {−1,+1}

The normalized cross-correlation 𝑅 at lag 𝓁 in window 𝑊 can be
calculated as follows:

𝓁̂ = argmax
𝓁∈𝒱

|||𝑅(𝓁)||| , 𝑅(𝓁) = 1
𝑂(𝓁)

𝑊−1∑

𝑛=0
𝑐 EMG𝑛 ⋅ 𝑐 STM𝑛−𝓁

Dividing by 𝑂(𝓁) normalizes all cross-correlations to the same range,
even though their windowsmight have full or little overlap, essentially
compensating for bias in the amplitude of the cross-correlation. The
following formulation defines this normalization factor based on the
lengths of the chip arrays𝑊 passed into the crosscorrelator:

𝑂(𝓁) = 𝑊 − |𝓁|, 𝒱 = {𝓁 ∶ 𝑂(𝓁) ≥ 𝜌 ⋅ 𝑊}, 𝜌 = 0.9

The valid search range for cross-correlation is defined as 𝒱 , which
requires 90% overlap between signals 𝜌. This serves as a gate, in
which cross-correlation is calculated only at statistically significant
cross-correlation lags.
The window𝑊 determines the length of each chip subsequence

passed to the correlation. Given a window duration of 𝑇𝑊 , that was
tuned to 𝑇𝑊 = 10 s in this application:

𝑊 = 𝑇𝑊 ⋅ 𝑓𝑐

This can be tuned to set the maximum detectable lag, at the cost
of computational overhead. Lowering the chip rate will reduce syn-
chronization resolution but will allow the system to tolerate larger
maximum detectable lag ranges without increasing computational
cost.
In practice, the cross-correlation is computationally expensive and

is run once per Kalman update, at 𝑓∆ = 0.5 Hz. Rather than a single
lag, each run slides the correlation window across the buffer, yielding
a series of 𝑁𝑊 sub-window lag estimates indexed by 𝑗:

{(
𝓁̂𝑗 , 𝑅𝑗(𝓁̂𝑗), 𝑡𝑗

)}𝑁𝑊
𝑗=1

Before entering the next stage, the lag series is aggregated into a
single scalar measurement. A quality gate first discards windows with
insufficient correlation peak strength:

𝒥 = {𝑗 ∶ |𝑅𝑗(𝓁̂𝑗)| ≥ 0.10}

The surviving windows are aggregated via median, which is robust
to outlier windows caused by noise bursts or signal dropouts:

𝑧𝑘 = median{𝓁̂𝑗 ∶ 𝑗 ∈ 𝒥} ⋅ 10
3

𝑓𝑐
ms, 𝑇𝑐 =

1
𝑓𝑐

= 10ms
The corresponding confidence 𝛾𝑘 is calculated through the cross-

correlation peak strength at the given lag |𝑅𝑘(𝓁𝑘)|, as well as the con-
sistency of that given lag across the window, which can be calculated
using the standard deviation 𝜎𝓁. Thus, the corresponding confidence
was calculated following this formula:

𝛾𝑘 = |𝑅𝑗⋆ (𝓁̂𝑗⋆ )|
1

1 + 𝜎𝓁
, 𝜎𝓁 = std{𝓁̂𝑗 ∶ 𝑗 ∈ 𝒥}
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Each update 𝑘 thus yields a single offset measurement 𝑧𝑘 and its
confidence 𝛾𝑘 ∈ [0, 1], aggregated over the sub-windows of that up-
date. This pair is passed to the next stage, where the Kalman filter
consumes one (𝑧𝑘 , 𝛾𝑘) per step at the same rate 𝑓∆.

Stage 2: Kalman Filter

The measurement 𝑧𝑘 is a noisy measurement accompanied by a corre-
lation confidence 𝛾𝑘 . To address this uncertainty, track offset and drift
in real time and align the system smoothly, the following two-state
Kalman filter is implemented [2, 11]. The Kalman filter is coupled to
the cross-correlation frequency 𝑓∆, and updates at 𝑓∆ = 0.5 Hz. The
state vector of the Kalman filter is defined as follows:

𝐱𝑘 = [𝜏𝑘𝜏̇𝑘
]

where 𝜏𝑘 is the clock offset in milliseconds and 𝜏̇𝑘 is the drift rate
in parts per million. At each update timestep 𝑘, the filter first predicts
the new state forward in time, assuming constant drift:

𝐱𝑘|𝑘−1 = 𝐅𝑘 𝐱𝑘−1|𝑘−1, 𝐅𝑘 = [1 ∆𝑡 ⋅ 10−3
0 1 ]

Here ∆𝑡 is the update interval, derived from the Kalman update
frequency. The Kalman filter utilizes a state uncertainty for its current
state, in the form of a state covariancematrixP𝑘 , which is dynamically
updated at every step and initialized at P0 = diag {100, 1000}:

𝐏𝑘|𝑘−1 = 𝐅𝑘 𝐏𝑘−1|𝑘−1 𝐅⊤𝑘 + 𝐐

Here Q is the process noise covariance matrix Q = diag {0.01, 10},
which is tuned to represent how much the true state is expected to
change unpredictably between updates, independent from the con-
stant drift rate introduced by F𝑘 .
The measurement 𝑧𝑘 is then compared to the predicted offset via
the innovation 𝑦𝑘 . Since only the clock offset is directly observed,
𝐇 = [1, 0]:

𝑦𝑘 = 𝑧𝑘 −𝐇𝐱𝑘|𝑘−1

How much the filter trusts 𝑧𝑘 over its own prediction is controlled by
themeasurement noiseℛ𝑘 , which is scaled inversely by the correlation
confidence 𝛾𝑘:

ℛ𝑘 =
ℛ0

max(0.01, 𝛾𝑘)

Here, the baseline measurement noise ℛ0 is tuned to represent the
expected variance of 𝑧𝑘, in this application ℛ0 = 1 ms2. A weak or
inconsistent correlation inflates ℛ𝑘, causing the Kalman gain𝐊𝑘 to
down-weight the measurement and rely more on the prediction, and
vice versa. Ultimately, the Kalman gain𝐊𝑘 is calculated as a measure
of the reliability of the measurement, and used to update the state
based on the innovation:

𝐊𝑘 =
𝐏𝑘|𝑘−1𝐇⊤

𝐇𝐏𝑘|𝑘−1𝐇⊤ + 𝑅𝑘
, 𝐱𝑘|𝑘 = 𝐱𝑘|𝑘−1 +𝐊𝑘 𝑦𝑘

The state covariance matrix P𝑘|𝑘 at the current timestep is updated
based on the Kalman gain, as the uncertainty should shrink with a
reliable new measurement.

𝐏𝑘|𝑘 = (𝐈 − 𝐊𝑘𝐇)𝐏𝑘|𝑘−1

The smoothed offset 𝜏̂𝑘|𝑘 = 𝐱𝑘|𝑘[0] is extracted and applied to align
the incoming EMG timestamps to the STM32 clock in real time:

𝑡alignedEMG = 𝑡EMG − 𝜏̂𝑘|𝑘

Given the update frequency 𝑓∆ = 0.5 Hz, the signals are aligned
every ∆𝑡𝐾 = 2 s, and in the implemented configuration together with
the used hardware, this resulted in an alignment with an accuracy of
a couple of milliseconds.

C. Sensor Group Shapley Values

Each sensor group is treated as a player and a set of groups 𝑆 ⊆ 𝒢
as a coalition, where 𝒢 is the set of the five groups. A characteristic
function 𝑣(𝑆) assigns each coalition a value: the reduction in class-
macro RMSE that the model trained on the groups in 𝑆 achieves
relative to an uninformed baseline,

𝑣(𝑆) = 𝑅∅ − 𝑅(𝑆),

where 𝑅(𝑆) is the participant-class-macro error of the model trained
on the groups in 𝑆, and 𝑅∅ is the same metric evaluated for an un-
informed baseline that always predicts the global mean load. The
procedure is applied independently to both reported metrics, so 𝑅
denotes whichever of the participant-class-macro MAE or RMSE is
being attributed. By construction, the empty model reduces to this
mean predictor, giving 𝑣(∅) = 0, and a more useful coalition yields a
larger 𝑣(𝑆).
The marginal importance of adding group 𝑔 to a coalition 𝑆 is the

resulting gain in value:

∆𝑔(𝑆) = 𝑣(𝑆 ∪ {𝑔}) − 𝑣(𝑆).

The Shapley value 𝜙𝑔 of group 𝑔 [1] is the average of this marginal
importance over all orders in which the groups could be added, cred-
iting 𝑔 fairly regardless of when it joins:

𝜙𝑔 =
1
|𝒢|!

∑

𝜋∈Π
∆𝑔
(
𝑆𝑔(𝜋)

)
,

where Π is the set of all |𝒢|! orderings of the groups and 𝑆𝑔(𝜋) the
set of groups preceding 𝑔 in ordering 𝜋. Because only the presence
or absence of a group affects 𝑣, and not its position in the order, this
reduces to an equivalent weighted sum over subsets [1]:

𝜙𝑔 =
∑

𝑆⊆𝒢⧵{𝑔}

|𝑆|!
(
|𝒢| − |𝑆| − 1

)
!

|𝒢|! ∆𝑔(𝑆),

where the combinatorial weight is the fraction of orderings in which
exactly the groups in 𝑆 precede 𝑔. By the efficiency property of the
Shapley value, the contributions sum to the value of the full set,∑

𝑔∈𝒢 𝜙𝑔 = 𝑣(𝒢) = 𝑅∅ − 𝑅(𝒢), so the 𝜙𝑔 partition the total achievable
RMSE reduction among the five groups. This formulation follows the
use of Shapley values for performance-based feature selection [12],
analogous to the EEG feature-selection procedure of Hamavar et al.
[45].
With only five groups, all 25 − 1 = 31 non-empty coalitions are

trained, so the Shapley values are computed exactly rather than ap-
proximated by sampling. The resulting group importances are com-
pared against the per-channel DeepSHAP, attention pooling, and per-
mutation attributions (Section 3.3) to assess agreement between the
retraining ablation and the cheaper test-set methods.

D. Hyperparameter Tuning

In this section, the hyperparameter sweeps that led to the configura-
tions used for the two final models in the results are discussed: the
cross-participant generalized model and the per-participant special-
ized model. Each model received its own feature and hyperparameter
search. To eliminate the need for LOPO cross-validation at every
sweep iteration, a fixed validation group of four participants (P01, P02,
P06, and P17) was held out to serve as both the validation and test
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sets, yielding slightly inflated results that are nonetheless comparable
across iterations.

Generalized Model Sweep

The generalized configuration was selected through random search
over a broad range of parameter configurations, split into four phases
(150-iterations each) due to computational constraints and performed
in the following order:

1. Themodel architecture sweep was performed first to deter-
mine a baseline model hyperparameter set that performs well,
serving as a representative model that would yield reliable results
across the upcoming sweeps.

2. The feature selection sweep was used to find the most con-
tributing features and filter out features that are noisy or subject-
volatile.

3. The generalization sweep was used to find optimal data aug-
mentation types and parameters, and the optimal learning rate
scheduler together with regularization parameters, dropout, and
weight decay.

4. A secondmodel architecture sweep identified the final best-
performing model hyperparameters using the configurations car-
ried over from the previous sweeps.

The best feature configuration was found by sweeping over 20 EMG
and 13 IMU features. For each sweep iteration, each feature had a
50% chance of being toggled on or off. The model was trained on a
fixed cross-participant split with a test set of 4 participants, and the
search records the R2 score achieved on the unseen participants for
every iteration. After all iterations are completed, a Ridge Regression
model mathematically isolates the impact of each feature [22]:

𝑦𝑖 = 𝛽0 +
33∑

𝑘=1
𝛽𝑘 𝑋𝑖𝑘 + 𝜖𝑖

• 𝑋𝑖𝑘 (binary predictors): indicator matrix of shape (150, 33), with
𝑋𝑖𝑘 = 1 if feature 𝑘 was active in iteration 𝑖 and 0 otherwise.

• 𝑦𝑖 (target): the validation R2 of iteration 𝑖.
• 𝛽𝑘 (Ridge coefficient): the estimated average change in validation
𝑅2 associated with activating feature 𝑘, i.e. its marginal contri-
bution to generalization. A positive 𝛽𝑘 includes the feature; a
negative one excludes it.

Depending on whether the Ridge Coefficient for a given feature
was negative or positive, the feature was excluded or included. This
methodology reduced the number of selected features from 33 (20
EMG, 13 IMU) to 21 (11 EMG, 10 IMU).

Specialized Model Sweep

For the participant-specialized model, the feature set and hyperpa-
rameters were determined in a single consolidated search using the
same held-out validation group. The same Ridge-coefficient selection
produced a 17-feature set (11 EMG, 6 IMU). Table 4 lists the features
selected for each model, and Table 3 reports the best hyperparameter
configuration for both.

E. Dataset Cleansing and Balancing

To guarantee the integrity of the dataset and prevent corrupted signals
from degrading the performance, dataset cleansing was performed.
To ensure that the model’s performance is not artificially improved by
streamlining the dataset to include only perfect samples, a cautious
strategy was employed. Four segment checks were performed, with
automatic blacklisting if any failed. Using this methodology, a total of
545 segments were excluded, 2.82% of the dataset. The following four
checks were performed on the individual channel data:

Table 3. Top-performing hyperparameters resulting from the sweeps, for the
generalized and participant-specialized models.

Parameter Gen. Spec. Description

Regularization and Augmentation Parameters

Weight decay 0.005 0.001 Punishes reliance on high-
value weights in the model.

Dropout 0.25 0.20
Randomly removes weights
during training to reduce re-
liance on specific weights.

Learning rate 3 ⋅ 10−4 2 ⋅ 10−4
Controls the step size taken
toward minimizing the train-
ing loss.

Augmentation
probability 0.5 0.5 Controls how often augmen-

tation is applied.

Noise standard
deviation 0.05 0.05

Determines the standard de-
viation of the applied Gaus-
sian noise.

Temporal stretch {0.75, 1.25} {0.90, 1.10}
Randomly stretches the sig-
nal over time, reducing re-
liance on movement speed.

Channel dropout
prob. 0.25 0.10

Removes all features from a
channel, reducing reliance
on specific channels.

Model Architecture Parameters

Embedding
dimension (𝐷) 128 96

Defines the transform from
the feature set to the number
of embedded features.

Transformer
layers (ℒ) 4 4

Number of attention itera-
tions before attention pooling
and regression.

Spatial heads
(𝐻sp)

8 4 Defines the depth of the spa-
tial attention mechanism.

Temporal heads
(𝐻tp)

4 2 Defines the depth of the tem-
poral attention mechanism.

Feedforward size
(𝑑ff)

512 1024
Internal hidden layer size
of the position-wise feedfor-
ward network.

1. Dead channel detection: When the variance of a channel is
near zero, it can be marked as dead. The following mathematical
formulation is used:

Var(𝑥𝑐) =
1
𝑁

𝑁∑

𝑡=1
(𝑥𝑐,𝑡 − 𝜇𝑐)2 < 10−12

This check blacklisted 136 segments, 0.704% of total dataset.
2. Flatline detection: The connections of the components can

be unreliable, which can lead to signal flatlines. The algorithm
calculates the flatline ratio (𝐹) for each channel independently,
which represents the proportion of adjacent time samples that
are perfectly identical (a difference of zero):

F = 1
𝑁 − 1

𝑁−1∑

𝑡=1
𝛿𝑥𝑡+1 ,𝑥𝑡 > 0.05, with: 𝛿𝑥𝑡+1 ,𝑥𝑡 = {1 if 𝑥𝑡+1 = 𝑥𝑡

0 if 𝑥𝑡+1 ≠ 𝑥𝑡
This check blacklisted 24 segments, 0.124% of total dataset.

3. Extreme outlier detection: Samples that diverge significantly
from physical reality are treated as artifacts. The mean 𝜇𝑐 and
standard deviation 𝜎𝑐 for a specific channel are calculated glob-
ally for the entire dataset. Any sample falling outside a ±6𝜎𝑐
threshold is classified as an outlier. The outlier ratio (𝑂) is cal-
culated as follows and segments are flagged according to the
following threshold:

O = 1
𝑁

𝑁∑

𝑡=1
𝛿𝑡 > 0.02, with: 𝛿𝑡 = {1 if |𝑥𝑡 − 𝜇𝑐| > 6𝜎𝑐

0 if |𝑥𝑡 − 𝜇𝑐| ≤ 6𝜎𝑐
This check blacklisted 14 segments, 0.072% of the dataset.

4. Temporal duration bound: This ensures that the movement
segments are physically meaningful. Short movements can in-
dicate accidental button matrix triggers, and long segments can
indicate rest or pauses. Outliers in segment length can confuse
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Table 4. Mathematical derivations of the sweep-selected features, grouped by
modality, and the generalized and participant-specialized models each feature
was selected for.

Feature Derivation Model

Electromyography (EMG) Features

Log Detector 𝑥LogDet = exp
( 1
𝑁
∑𝑁

𝑖=1 ln |𝑥𝑖|
)

Both

Waveform Length 𝑥WL =
1
𝑁
∑𝑁−1

𝑖=1 |𝑥𝑖+1 − 𝑥𝑖| Both

Root Mean Square 𝑥RMS =
√

1
𝑁
∑𝑁

𝑖=1 𝑥
2
𝑖

Both

Bandwidth 𝑓high − 𝑓low Both
Total Spectral Power 𝑃total =

∑
𝑗 𝑃(𝑓𝑗) Both

Mean Frequency 𝑓MNF =
∑
𝑗 𝑓𝑗𝑃(𝑓𝑗 )
∑
𝑗 𝑃(𝑓𝑗 )

Both

Hjorth Mobility
√
Var(𝑥′)∕Var(𝑥) Gen.

Zero Crossings 𝑥ZC =
1
𝑁
∑𝑁−1

𝑖=1 𝕀(𝑥𝑖𝑥𝑖+1 < 0) Gen.

Myopulse Pct. Rate 𝑥Myo =
1
𝑁
∑𝑁

𝑖=1 𝕀(|𝑥𝑖| > 𝜃) Gen.

Slope Sign Changes 𝑥SSC =
1
𝑁
∑𝑁−2

𝑖=1 𝕀(𝑥′𝑖𝑥
′
𝑖+1 < 0) Gen.

Willison Amplitude 𝑥WAMP =
1
𝑁
∑𝑁−1

𝑖=1 𝕀(|𝑥𝑖+1−𝑥𝑖| > 𝜃) Gen.
Hjorth Complexity Mobility(𝑥′)∕Mobility(𝑥) Spec.
Integrated EMG 𝑥IEMG = ∑𝑁

𝑖=1 |𝑥𝑖| Spec.
Mean Absolute
Value 𝑥MAV =

1
𝑁
∑𝑁

𝑖=1 |𝑥𝑖| Spec.

Variance 𝜎2 = 1
𝑁
∑𝑁

𝑖=1(𝑥𝑖 − 𝑥̄)2 Spec.

Skewness
1
𝑁
∑𝑁
𝑖=1(𝑥𝑖−𝑥̄)

3

𝜎3
Spec.

Inertial Measurement Unit (IMU) Features

Standard Deviation 𝜎 =
√

1
𝑁
∑𝑁

𝑖=1(𝑦𝑖 − 𝑦̄)2 Both

Variance 𝜎2 = 1
𝑁
∑𝑁

𝑖=1(𝑦𝑖 − 𝑦̄)2 Both

Mean 𝑦̄ = 1
𝑁
∑𝑁

𝑖=1 𝑦𝑖 Both
Peak-to-Peak 𝑦P2P = max(𝑦) − min(𝑦) Both
Signal Magnitude
Area 𝑦SMA = 1

𝑁
∑𝑁

𝑖=1 |𝑦𝑖| Both

Total Spectral Power 𝑃total =
∑

𝑗 𝑃(𝑓𝑗) Spec.
Mean Absolute Jerk 𝑦Jerk =

𝑓IMU
𝑁−1

∑𝑁−1
𝑖=1 |𝑦𝑖+1 − 𝑦𝑖| Gen.

Dominant
Frequency 𝑓Dom = argmax𝑓 𝑃(𝑓) Gen.

Kurtosis
1
𝑁
∑𝑁
𝑖=1(𝑦𝑖−𝑦̄)

4

𝜎4
− 3 Gen.

Skewness
1
𝑁
∑𝑁
𝑖=1(𝑦𝑖−𝑦̄)

3

𝜎3
Gen.

Maximum 𝑦Max = max𝑖 𝑦𝑖 Gen.

themodel when it is accustomed to a certain range. The segments
in the following range are eligible for model training:

0.5 s < 𝐿 < 3.5 s
This check blacklisted 405 segments (117 too short and 288 too
long), 2.10% of the dataset.

After cleansing, the dataset suffers from two compounding imbal-
ances: participants contribute unequal numbers of segments due to
differing session lengths and blacklisted segments, and the weight
classes are inherently skewed because the free movement (0 kg) class
is overrepresented.
To address both axes simultaneously, a joint class–participant bal-

ancing algorithm is applied to the training set (excluding the test set
since testing is on unique segments only). Every unique participant,
weight class combination is targeted at exactly 𝑇 = 100 segments.
Combinations that contain more than 𝑇 originals are randomly down-
sampled. Combinations that contain fewer are filled to 𝑇 by oversam-
pling with replacement segments, forcing augmentation to each copy.
With 14 training participants per LOPO fold (1 held-out for testing
and 2 held-out for early stopping) and 6 weight levels, this yields a
nominal training set of:
𝑁train = 𝑁participants⋅𝑁weights⋅𝑇 ≈ 14×6×100 = 8, 400 segments per fold.
The target of 𝑇 = 100 was chosen conservatively: it is low enough
that no combinations require large oversampling. In the participant-
specialized cross-validation setting, all 17 participants contribute to

each training fold, yielding 17 × 6 × 100 = 10,200 segments. Finally,
all reported performance metrics are computed as macro-averages
across participants and weight classes, weighting each participant
and weight class equally regardless of their segment count, ensuring
a consistent evaluation criterion for both validation strategies.

F. Statistical Significance of Results Using the Friedman Test

To determine whether the performance differences between sensor
configurations are statistically meaningful, a non-parametric Fried-
man test was conducted on the participant-level error metrics (𝑁 = 17
subjects) [9]. The Friedman test is a robust alternative to repeated-
measures analysis of variance (RM-ANOVA) that does not assume
normality of the underlying distributions or sphericity of the differ-
ences, making it highly suitable for cross-participant comparisons
with individual variations. The test evaluates the null hypothesis that
the ranks of the performances of all modalities across the participants
are equal, implying that all modality configurations perform similarly:

𝐻0 ∶ RankSF = RankEMG = RankIMU

When the null hypothesis is rejected (𝑝 < 0.05), post-hoc pairwise
comparisons are performed using two-tailed Wilcoxon signed-rank
tests.
Table 5 summarizes the mean errors, Friedman test statistics

(𝜒2(2)), and Bonferroni-corrected post-hoc pairwise Wilcoxon com-
parisons for both the participant-specialized and LOPO-generalized
settings. In the pairwise relations, the < symbol denotes a statistically
significant difference at the adjusted𝑝adj < 0.05 level, while the≈ sym-
bol denotes no statistically significant difference. In the participant-
specialized setting, all threemodalities are strictly ordered, with sensor
fusion (SF) significantly outperforming EMG-only (𝑝adj = 4.58 × 10−5
for both MAE and RMSE), confirming that the IMU contributes com-
plementary information in participant-specialized. Under generaliza-
tion (LOPO), sensor fusion and EMG-only become statistically indis-
tinguishable (𝑝adj = 1.000 for both MAE and RMSE), even though
sensor fusion attains a slightly lower mean error in both metrics .
This can be attributed to the larger spread between participants in
cross-subject generalization and the limited sample size (𝑁 = 17). In
all settings, IMU-only performance is significantly worse than both al-
ternatives (𝑝adj < 0.001), and degrades severely under generalization.

G. Computational Methodology and Results

This appendix details the feasibility analysis summarised in Section 3.5.
The reported parameter counts, memory footprints, and operation
counts are exact properties of the trained models: the host-CPU and
GPU timings are measured, and the Cortex-M7 latencies are analyti-
cal projections under explicitly stated assumptions. No deployment
on physical microcontroller hardware was carried out, so the edge
latencies should be read as conservative order-of-magnitude upper
bounds rather than measured results.
Memory footprint: The sensor-fused model contains 𝑁params ≈

1.03 × 106 trainable parameters. In single-precision floating point
(FP32, 4 bytes per parameter) this requires 4.12 MB of Flash; post-
training 8-bit integer (INT8) quantization reduces the footprint to
1.03MB [28], fitting within the 2MB on-chip Flash of an advanced
microcontroller such as the STM32H7.
Operation count A single forward pass requires 𝑁MAC ≈ 1.15 ×

106 multiply–accumulate operations. Since each MAC comprises
one multiplication and one addition (1 MAC = 2 FLOPs), this is
equivalent to ≈ 2.3 × 106 FLOPs. On the host NVIDIA A100 GPU, a
forward pass executes in 0.62ms.
Inference latency: Edge latency is estimated by dividing the oper-

ation count by the sustained hardware throughput:

𝑇model =
2𝑁MAC

throughput
.
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Table 5. Friedman test and Bonferroni-corrected post-hoc Wilcoxon signed-rank comparisons of the modalities (𝑁 = 17 participants), computed on participant-
class-macro MAE/RMSE. SF = sensor-fused, EMG = EMG-only, IMU = IMU-only.

Modality MeanMAE/RMSE (kg) Friedman Test Post-hoc 𝑝adj Pairwise

Metric & Strategy SF EMG IMU 𝜒2(2) 𝑝 SF–EMG SF–IMU EMG–IMU relations

MAE (kg)
Participant-Specific 0.316 0.380 0.702 34.00 < 0.001 4.58 × 10−5 4.58 × 10−5 4.58 × 10−5 SF < EMG < IMU
Generalized (LOPO) 0.536 0.546 0.989 20.59 < 0.001 1.000 4.58 × 10−5 2.29 × 10−4 SF ≈ EMG < IMU

RMSE (kg)
Participant-Specific 0.441 0.520 0.974 34.00 < 0.001 4.58 × 10−5 4.58 × 10−5 4.58 × 10−5 SF < EMG < IMU
Generalized (LOPO) 0.680 0.703 1.289 23.06 < 0.001 1.000 4.58 × 10−5 9.16 × 10−5 SF ≈ EMG < IMU

Table 6. Friedman test across the six architectures (𝑁 = 17 participants), on participant-class-macro MAE/RMSE. ST = ST-Transformer, TF = vanilla
Transformer, C-L = CNN-LSTM, C-G = CNN-GRU. In the relations, {⋅} groups architectures that are mutually non-significant and < denotes 𝑝adj < 0.05
(Bonferroni-corrected Wilcoxon) between all flanking members; lower error is better.

Architecture mean Friedman Pairwise

Metric ST LSTM GRU TF C-L C-G 𝜒2(5) 𝑝 relations

MAE (kg)
Specialized 0.316 0.181 0.196 0.328 0.830 0.567 74.58 < 0.001 {LSTM,GRU} < {ST,TF} < C-G < C-L
Generalized 0.536 0.488 0.489 0.622 0.812 0.756 32.09 < 0.001 {LSTM,GRU} < {TF,C-G,C-L}; ST < C-L only

RMSE (kg)
Specialized 0.441 0.417 0.407 0.490 0.943 0.708 68.80 < 0.001 {LSTM,GRU,ST,TF} < C-G < C-L
Generalized 0.680 0.669 0.636 0.803 0.932 0.866 24.56 < 0.001 {GRU,LSTM} < {TF,C-G,C-L}; ST n.s. vs all

On an ARM Cortex-M7 at 480MHz, sustained FP32 throughput is
conservatively taken as ≈ 90MFLOPS, giving 𝑇model ≈ 25ms. Under
INT8 quantization, the CMSIS-NN library exploits the core’s SIMD
extensions (up to four 8-bit MACs per cycle), raising the effective
throughput to ≈ 300 MFLOPS-equivalent and reducing inference
latency to a conservative ≤ 10ms [21].
Feature-extraction latency: Single-window feature extraction is

benchmarked at 𝑇feature = 1.20ms on the host CPU. Unlike inference,
this stage is not expressed as a FLOP count; its Cortex-M7 projection
is obtained by scaling the host timing by an architectural and clock-
frequency translation factor 𝛾 ≈ 12, giving a conservative 𝑇feature ≈
15ms (CMSIS-DSP, C++-compiled).
Real-time margin: For closed-loop control, the pipeline must

complete within the prediction interval ∆𝑡 = 100ms. The available
idle margin is

𝑀CPU = 100% × (1 − 𝑇feature + 𝑇model
∆𝑡 ) .

Using the most conservative INT8 estimates (𝑇feature ≈ 15 ms,
𝑇model ≈ 10 ms), the worst-case margin is ≈ 75%, indicating sub-
stantial headroom for auxiliary control tasks. Because the inference
latency is derived analytically from the operation count, while the
feature-extraction latency is scaled from a host benchmark, the two
stages rest on different projection bases; both are deliberately conser-
vative.

H. Architecture Comparison

The ST-Transformer was compared against five established baseline
models: LSTM, GRU, a vanilla Transformer, and two CNN-based mod-
els that learn end-to-end representations from raw segments (CNN-
LSTM, CNN-GRU). Theywere trained under both validation strategies
(participant-specific and generalized), with identical balancing, and
using the participant-class macro metrics defined in Section 3. For
eachmodel, a non-parametric Friedman test across architectures, with
Bonferroni-corrected Wilcoxon signed-rank tests over all 15 pairwise
comparisons as post-hoc tests, was computed, as described in more
detail in Appendix F.
For the ST-Transformer specifically, there are no significant pair-

wise differences compared to the other feature-based models (LSTM,
GRU, TF) in three of the four metric/strategy combinations. The
sole exception is participant-specialized MAE, where LSTM and GRU

modestly outperform the ST-Transformer (ST–LSTM 𝑝adj = 0.0057,
ST–GRU 𝑝adj = 0.0057). The CNN models are significantly worse
in the specialized regime (all 𝑝adj < 0.001); under LOPO, their sepa-
ration is largely non-significant after correction, reflecting the high
between-participant variance of cross-subject generalization. Overall,
the ST-Transformer is statistically competitive with the established
sequence models (Figure 12, Table 6).
A closer look at the prediction distributions (Figure 13) explains the

specialized-MAE result. Because the protocol uses only six discrete
loads, a model can minimize MAE by treating the task as a six-way
classification and emitting the corresponding load centroid, rather
than by learning a continuous load mapping. To quantify this, each
prediction was labeled on-grid if it fell within 10% of the inter-load
spacing of one of the six training loads, and interpolated if it fell in
the central 20% band between two adjacent loads. In the participant-
specialized regime, the recurrent baselines are almost entirely on-grid,
LSTM 94% on-grid (1% interpolating) and GRU 91% (1%), whereas
the ST-Transformer places only 65% of its predictions on-grid and
leaves roughly four times as much mass between the loads (4%). This
collapse onto the training grid is what produces their lower special-
ized MAE. The effect is regime-specific: under LOPO, where per-
participant load centroids cannot be memorized, the recurrent on-
grid fraction drops sharply (LSTM 94% → 70%, GRU 91% → 58%)
and their MAE advantage over the ST-Transformer narrows accord-
ingly, while the ST-Transformer’s prediction geometry is essentially
unchanged (65%→ 58%). The ST-Transformer thus behaves as the
more genuinely continuous estimator, trading a small amount of in-
distribution accuracy for a smoother load mapping that transfers to
unseen participants.
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Figure 12. Predicted vs. actual load for all six architectures under participant-specialized (left) and generalized LOPO (right) evaluation. Each box shows the
predicted-weight distribution at the six load classes with its corresponding participant-class-macro performance metrics (𝑅2, MAE and RMSE).
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Figure 13. Predicted vs. actual load for all six architectures under participant-specialized (left) and generalized LOPO (right) evaluation. Each violin shows the
predicted-weight distribution at the six load classes with its corresponding participant-class-macro performance metrics (𝑅2, MAE and RMSE).

24–26



Delft University of Technology Spatio-Temporal Transformer for Load Estimation using EMG and IMU in Assistive Robotics

P10 P15 P12 P17 P09 P08 P14 P05 P07 P02 P01 P06 P16 P03 P04 P11 P18

Participant ID

0.0

0.5

1.0

1.5

RM
SE

 (k
g)

Mean: 0.441 Mean: 0.520

Mean: 0.974

Pa
rt

ici
pa

nt

Participant-Specialized

P10 P15 P12 P17 P09 P08 P14 P05 P07 P02 P01 P06 P16 P03 P04 P11 P18

Participant ID
1.

61

1.
72

1.
68

Mean: 0.680 Mean: 0.703

Mean: 1.289

Generalized (LOPO)

0.00 0.98 1.97 2.95 4.15 5.93
Weight Class (kg)

0.0

0.5

1.0

1.5

2.0

RM
SE

 (k
g)

W
ei

gh
t C

la
ss

0.00 0.98 1.97 2.95 4.15 5.93
Weight Class (kg)

0

2000

4000

Se
gm

en
t C

ou
nt

0.5 1.0 1.5 2.0 2.5
Segment Length (s)

0.0

0.5

1.0

RM
SE

 (k
g)

Se
gm

en
t L

en
gt

h

0.5 1.0 1.5 2.0 2.5
Segment Length (s)

Sensor-Fused (EMG + IMU) EMG-only IMU-only Segment Count

Figure 14. In-depth performance (based on MAE) across both participant-specialized and generalized models, for each modality. Includes performance across
participants, segment lengths, and weight classes.
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Figure 15. Sensor group ablation study using the participant-specialized
validation strategy. Top: MAE and heatmap for all 31 subsets. Bottom:
per-group retraining Shapley value compared against the normalized

DeepSHAP, attention-pooling importances, and permutation.
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