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Abstract. With advancements in exoskeleton technology, the integra-
tion of advanced machine learning techniques with sensor data can es-
sentially improve the accuracy and effectiveness of activity detection.
This paper explores the potential of machine learning algorithms to de-
tect activities with the help of features extracted from Electromyogram
(EMG) signals at a window length of as small as 100 ms, with and with-
out an exoskeleton. Accurate activity recognition is also important for
social and assistive robots, enabling more adaptive human-robot inter-
action and context-aware assistance in rehabilitation, healthcare, and
occupational assistance environments. Electromyogram signals were col-
lected from trunk, abdominal and thigh muscles of healthy participants.
A one-dimensional convolutional neural network (CNN) was employed
for detecting three classes: no activity, walking and walking with weight.
Our evaluation shows that the CNN model was able to detect the activi-
ties with similar accuracy in the presence and absence of an exoskeleton.
An average accuracy of 85.66% was observed for the condition without
the exoskeleton, and an average accuracy of 86% was observed for the
exoskeleton-assisted condition. Also, when the CNN model was trained
on exoskeleton-assisted data and tested on EMG data without exoskele-
ton (and vice versa), a notable reduction in accuracy was observed. This
suggests that the machine learning model performs reliably under in-
domain evaluation and struggles to generalise across conditions. This
highlights the need for domain adaptation to mitigate the exoskeleton-
induced distribution shift in EMG.

Keywords: EMG - 1D CNN - Exoskeleton assistance - Rehabilitation -
Occupational assistance.
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1 Introduction

Wearable assistive robotic technologies are increasingly recognised as suitable
tools for rehabilitation, assistive mobility, and occupational assistance. These
technologies can provide external torques or support to assist movements, thereby
reducing muscular strain and metabolic energy expenditure while maintaining
task performance. As a result, they have emerged as promising solutions to mit-
igate physical demands experienced by workers [21J26]. The human performance
augmentation exoskeletons are designed to enhance strength and endurance in
able-bodied individuals. These facilitate lifting and transporting heavy loads
across extended distances [28]. Typical applications include warehouses, con-
struction sites, emergency relief operations, and military settings. Exoskeletons
are generally categorised as passive or active, based on their power source. Pas-
sive exoskeletons rely on simple and less expensive parts like metal or gas springs
and elastic elements to support a posture or movement. In contrast, an active
exoskeleton is powered by electric motors, pneumatic muscles, or hydraulic actu-
ators [I7/5T]. With the help of sophisticated actuators, these wearable devices
can enhance human capabilities by providing mechanical support, augmenting
strength, and facilitating movement.

Surface Electromyography (sEMG) is an important sensing modality for ex-
oskeleton control, motion intention detection, and rehabilitation robotics. Differ-
ent activities can be identified and classified with the help of features extracted
from EMG signals, which can help in controlling exoskeletons. Exploring the
muscle activity also helps to address the challenge of accurately predicting users’
intentions to perform various tasks. With the advancements in machine learn-
ing and deep learning technologies, various movements were easily recognised
with the help of extracting useful features from EMG. Convolutional neural net-
works(CNNs) enable effective extraction of deep spatiotemporal features from
EMG. They exhibit superior performance over traditional handcrafted feature
extraction methods [22].

The application of sSEMG technology not only allows for real-time monitoring
of muscle activation patterns but also aids in the assessment of ergonomic risks
associated with manual material handling tasks [24]. Integrating bipolar EMG-
based activity prediction with exoskeleton systems can help in developing robust,
data-driven assistive technologies capable of adapting to dynamic neuromuscular
patterns.

The objective of this work is to investigate and compare the model per-
formance of a 1D CNN in predicting lower limb activities in the presence and
absence of a robotic exoskeleton. This is motivated by the increasing use of
wearable robots in gait rehabilitation and mobility assistance, where reliable and
domain-robust intention-recognition algorithms are critical for safe and seamless
human-robot interaction. This study presents a preliminary pilot investigation
based on EMG data collected from four healthy subjects who were instructed to
walk while holding a weight with and without wearing an exoskeleton.
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2 Related work

The advancements in machine learning and deep learning techniques significantly
improved the EMG-based activity detection, which in turn improved the perfor-
mance and functionality of robotic exoskeletons. With the help of sophisticated
algorithms and large datasets, researchers can develop systems that more effec-
tively interpret the electrical signals generated by muscle activity, enabling more
accurate and responsive control of exoskeletons. This integration of deep learn-
ing enables adaptive responses to various movements, improving user experience
and facilitating better rehabilitation efforts for individuals with mobility impair-
ments [23]. Recent studies show that using convolutional neural networks(CNN)
and recurrent neural networks(RNN) can improve the accuracy of movement
detection and device responsiveness, leading to a better interface between users
and assistive devices [2]. These advancements do not only apply to rehabili-
tation scenarios; they can also extend to occupational assistance, particularly
where assistance is needed for lifting heavy objects.

Supervised learning methods such as support vector machines (SVMs) and
neural networks have shown promise in distinguishing between different muscle
patterns, which is crucial for developing prosthetic control systems that respond
to user intent in real-time [I4]. A hybrid regression model comprising a paral-
lel CNN-LSTM architecture managed to capture spatial and temporal features
of the EMG signals, which can generate a trajectory for the upper extremity
movements [22].

Recent research integrating EMG technology with exoskeleton systems em-
phasises the importance of user-centred design in improving system performance
[7] [8]. By focusing on user experience, these studies try to develop exoskeletons
that can address the varied physiological, ergonomic, and psychological require-
ments of users. Such systems can enhance comfort, adaptability, user acceptance,
and overall system usability, leading to more effective human—machine interac-
tion. Implementing adaptive control strategies that learns from users’ move-
ments could significantly enhance the responsiveness of exoskeletons, making
them more intuitive during rehabilitation [I9]. A recent study suggests that a
passive exoskeleton has the potential to reduce muscular loading at the lower
back level during static forward bending [6].

By analysing the muscle activation patterns during lifting movements, tai-
lored exoskeleton systems can be developed that provide real-time support, which
reduces the risk of injury and improves performance outcomes for individu-
als with mobility impairments. Integrating EMG data with advanced motion
sensors can create a feedback loop that can adapt to the user’s lifting tech-
niques, promoting safer and more efficient movement strategies [27]. Significant
reductions in muscle activation (30-60%) and perceived lower-limb effort were
observed while using a hip and knee joint actuated exoskeleton developed for
repetitive manual lifting and carrying tasks [20]. EMG-based prediction and
control allow exoskeletons to assist lifting and movement, substantially reducing
muscular effort and enabling users to perform daily tasks more independently.
However, limited research has investigated whether EMG-based activity clas-
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Fig. 1: Lateral and posterior view of MATE-XB exoskeleton.

sification models maintain their robustness and reliability across both assisted
and unassisted conditions, highlighting the need for systematic evaluation un-
der varying mechanical support scenarios. Translating this potential into routine
everyday use still requires more robust, low-calibration systems and long-term
field studies.

3 Methodology

This study involved collecting bipolar EMG data from four healthy participants
while they were asked to walk with and without holding a 10 kg box.

3.1 MATE - XB

The MATE-XB (Comau, Italy), shown in Figure|l} is a passive back exoskeleton
specifically developed to reduce muscular effort in the lumbar region during
manual handling tasks. The device is intended to support workers engaged in
activities such as squatting, stooping, or performing repetitive lifting, thereby
reducing spinal load and improving task execution quality.

It provides extensor assistance at the hip—spine complex through a stiff, H-shaped
carbon-fibre backbone coupling three subsystems: (i) the human-machine inter-
face (HMI), (ii) passive degrees of freedom (pDOFs), and (iii) bilateral passive
actuation units at the hips. The HMI, comprising thigh cuffs, trunk vest, pelvic
belt, and lower pelvic stability belt, ensures mechanical coupling and bidirec-
tional force transmission between the user and the device. The pDOFs, provided
by flexible trunk straps and hip ab/adduction hinges, allow natural motion with-
out imposing rigid trajectories, thereby preserving mobility, alignment, and com-
fort during prolonged use. The device relies on two lateral spring-based actuators
that store energy during trunk flexion and release it during extension, thereby
assisting the return to an upright posture. Five selectable assistance levels are
available, corresponding to different torque outputs delivered to the user, with a
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peak torque ranging from 50 to 80 Nm. The structural configuration allows effec-
tive mechanical coupling with the user while preserving mobility and alignment
during dynamic tasks.

The device is produced in two sizes (L and XL), but its adjustable components
enable use across a wide range of body dimensions. Given the participants’ an-
thropometrics, an L-size exoskeleton was used. The device’s weight was approx-
imately 4.1 kg

3.2 Experiment Protocol

Participants carried out a semi-realistic manual handling task developed to re-
semble a typical industrial lifting activity. The task involved the repeated lifting,
carrying, and repositioning of a 10 kg box according to a predefined sequence.
The sequence began with the box placed on a shelf at a height of 25 cm (loca-
tion A). From this position, the participant lifted the box and transferred it to a
second shelf located at 45 cm height (location B). Subsequently, the participant
turned around a cone positioned behind them (location C), returned to shelf B,
lifted the box once more, and placed it back onto the initial shelf at location A.
A schematic illustration of the experimental setup and task sequence is provided
in Figure [2] Each trial consisted of ten continuous repetitions of the described
sequence, with a duration of approximately 6 minutes. Participants completed
a total of five trials consecutively, resulting in an overall task duration of about
30 minutes. The experiment was performed under two experimental conditions:
wearing the exoskeleton (YesExo) and without the exoskeleton (NoExo). To min-
imise potential order effects, the sequence of conditions was randomised across
participants.
In addition to the dynamic trials, a static calibration trial was acquired. Dur-
ing this trial, participants stood upright with a neutral posture, arms slightly
abducted and palms facing forward.
At the start of the experimental session, participants were equipped with the
exoskeleton to ensure appropriate fit, comfort, and correct functioning. They
were allowed a familiarisation period, during which they walked and performed
several practice lifting movements to become accustomed to the device and its
assistance. Following this familiarisation phase, the exoskeleton was removed,
and anthropometric measurements were collected prior to the execution of the
experimental protocol.

sEMG data were collected using 16 wireless bipolar Mini Wave sensors (Cometa,
Italy), with a sampling frequency of 2000 Hz. Electrodes were positioned bilat-
erally over the main trunk extensor muscles, including the Longissimus Thoracis
pars thoracis (located 4 cm lateral to the T10 vertebra), the Longissimus Tho-
racis pars lumborum (3 cm lateral to L1), and the Iliocostalis lumborum (6 cm
lateral to L2). Further sensors were placed on the abdominal muscle groups,
namely the Internal Oblique, External Oblique, and Rectus Abdominis, as well
as on selected lower-limb muscles relevant to lifting tasks, specifically the Rectus
Femoris and Biceps Femoris. Electrode placement was mirrored on both sides of
the body to allow for reliable bilateral comparisons of muscle activity.
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Fig. 2: Schematic representation of the task.

3.3 Feature extraction and classification

Removing artefacts from the recorded EMG is a crucial step in the pre-processing
stage. The EMG signals were band-pass filtered between 20 Hz and 400 Hz us-
ing a 4th-order Butterworth filter to remove low-frequency motion artefacts and
high-frequency instrumentation noise. Additionally, a notch filter was designed
at 50Hz to remove power line interference. This preprocessing ensures that the
EMG signals are of good quality, enabling effective classification using machine
learning models. The choice of features plays a vital role in designing an ef-
fective EMG-based classification system. Well-selected features can enhance the
ability of the model to distinguish between different activities. Six time-domain
features were used here for the classification of activities. The features used are
Mean Absolute Value (MAV), Root Mean Square (RMS), Zero Crossing (ZC),
Variance (VAR), Waveform Length (WL) and Integrated EMG (IEMG). These
features can efficiently capture the elements of muscle activity which are needed
for accurate movement prediction and are effective in real-time applications like
prosthetic control, exoskeletons, and gesture recognition [I3[3/9]. Each feature
was calculated for a window length of 100ms.

Considering EMG as a time series z(t), t = 1,2,3,...,T, then the above
time-domain features are defined as follows:

Mean Absolute Value: It is calculated by taking the average of the absolute
value of the signal for a particular window [25]:

1 T
MAV = 23" [a(0) (1)

Root Mean Square: This is calculated by finding the square root of the
average power of the EMG signal for the analysis window [12]:
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Zero Crossing: This is calculated by counting the total number of sign
changes from a positive to negative amplitude and vice versa:

T-1
ZC = T(x[t] - zft +1] <0), (3)

where I(+) is an indicator function that evaluates to 1 if the condition inside is
true, and zero otherwise.

Variance: Variance is defined as the average of the squared values of the
deviation of the signal around its mean:

VAR = % S (alt) - 7)° (@)

where T is the mean of the signal.
Waveform Length: Measures signal complexity as the cumulative length
over the window [I5]:

T

WL =>|a(t) - z(t —1)|. (5)

t=2

Integrated EMG: It represents the summation of the absolute values of the
sEMG signal amplitude and is given as

T
IEMG =) |a(t)]. (6)

t=1

Network Architecture A one-dimensional CNN (1D-CNN) model was em-
ployed to predict three activities using the extracted time-domain features from
bipolar EMG. CNN architectures are well suited for EMG-based activity recog-
nition because they can capture local temporal patterns in the signal through
convolutional filters. Compared with traditional feedforward neural networks,
CNNs are able to automatically learn discriminative features from sequential
data while preserving temporal relationships between signal samples[18]. The
network architecture consists of four convolutional layers followed by two fully
connected layers. Each convolutional layer was activated using the ReLU acti-
vation function and is followed by a maxpooling layer of pool size 2.

Integration into CNN Pipeline The CNN model was implemented using
PyTorch with the dataset split into 70% training, 15% validation, and 15%
testing to ensure sufficient data for training while maintaining separate subsets
for tuning model evaluation. Training was conducted with a batch size of 32 over
a maximum of 100 epochs, with early stopping applied to prevent overfitting.
The learning rate was set to 0.0001, and a dropout rate of 0.2 was used to
enhance generalisation.
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A non-overlapping window of 100 samples was used to extract the time-
domain features of EMG. These features were then input into the 1D-CNN to
predict the following functional tasks: No activity, walking and walking with
weight.

100.00
80.00

60.00

Accuracy

40.00

20.00

NoExo YesExo Tested on Exo Tested on NoExo

condition

Fig. 3: Boxplot comparing the accuracy of CNN for different conditions. The first
boxplot shows the accuracy for the No EXO condition. The second one is for the
YesExo condition. Third is the accuracy obtained when training is done on data
from No Exo and testing is done on Exo assistance data. The fourth boxplot
shows accuracy when training is done on YesExo data and testing is done on
NoExo data.

4 Results

A 1D CNN was employed to predict three classes: no activity, walking with
weight and walking without weight. No activity corresponds to the task where
the participant is not doing anything. During walking activity, the participant
is walking from location B turned around C and back to position B. Walking
with weight is when the participant moves from A to B or B to A carrying the
weight. The tasks were predicted upon four conditions: one while performing
the activity with the exoskeleton assistance (YesExo), second while performing
activities without the exoskeleton assistance (NoExo), third condition was to
predict the activities when the model is trained on EMG data from no exoskele-
ton and tested on exoskeleton-assisted data, and fourth, the model is trained
on exoskeleton assisted EMG data and tested on data without exoskeleton. The
first two conditions are referred to as in-domain evaluation, whereas the last two
conditions are referred to as cross-domain evaluation throughout this paper..
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A box plot comparing the accuracy of the model between the four conditions
is presented in Figure [3] It is observed that across both No Exo and Yes Exo
conditions, the CNN exhibited consistently similar classification performance.
The same can be observed for cross-domain evaluation, too, even though the
accuracy is reduced. The model was employed on four subjects’ data, and an
average accuracy of 85.66% was obtained in the condition without using an
exoskeleton. In the exoskeleton-assisted condition, the model was able to predict
the activities with an average accuracy of 86%. This minor variation in accuracy
was statistically insignificant and fell within the expected variability range of
the cross-validation process. For the cross-domain evaluation, the model was
able to predict the activities with an average accuracy of 78.12% when trained
on exoskeleton-assisted data and tested on NoExo data, 77.41% when trained
on No exo and tested on YesExo EMG.

Confusion Matrix (%) - SUB003 Confusion Matrix (%) - SUB003

True Label
True Label

predicted Label Predicted Label

(a) Exoskeleton assisted (b) No Exoskeleton

Fig.4: Confusion matrices comparing activity recognition performance under
exoskeleton-assisted (exo) and no-exoskeleton (no exo) conditions for a single
subject. The labels are 0 = No activity; 1=Walking; 2=Walking with weight.

Figure [] presents the confusion matrices for exo-assisted and exo-unassisted
conditions for the selected activities. Labels 0,1 and 2 are used for no activ-
ity, walking and walking with weight, respectively. In the assisted condition,
the model achieved the classification rates of 68.87% for no activity, 83.74% for
walking without weight, and 83.81% for walking with weight. Similarly, when
there was no exoskeleton present, accuracies were 76.03%, 80.41%, and 89.48%
for Classes 0, 1, and 2, respectively. In both conditions, walking with weight class
was classified better, while the no-activity class showed relatively lower accuracy,
particularly during exoskeleton-assisted trials. Misclassifications were predomi-
nantly observed between walking with and without weight in the exoskeleton-
assisted condition, likely due to the similarity in gait-related EMG activation
patterns. In the assisted condition, noticeable confusion is observed between no
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Mean = Standard Deviation of F1 Scores

1.00

HEE No Exoskeleton
I Exoskeleton

0.95

0.90 A

0.85

0.80 A

F1 Score

0.75 A

0.70

0.65

0.60 -
MNoActivity Walking WalkingwithWeight

Fig.5: Comparison of mean + standard deviation F1-scores under exoskeleton-
assisted and no-exoskeleton conditions

activity and walking, as well as between walking and walking with weight. This
indicates that, under exoskeleton assistance, the model occasionally struggles
to clearly separate resting states from low-intensity walking and to distinguish
between the two walking conditions, likely due to overlapping or reduced EMG
activation patterns introduced by mechanical support. Importantly, the overall
structure and magnitude of the diagonal elements remain consistent across both
matrices, indicating that the presence of the exoskeleton does not substantially
affect the discriminative capability of the EMG-based CNN model. These find-
ings further support the robustness of the proposed approach for activity recog-
nition under varying mechanical assistance conditions. The model demonstrated
strong performance in identifying walking with weight in the no-exoskeleton con-
dition. However, in the assisted condition, both walking with weight and walking
were classified with similar accuracy. This suggests that exoskeleton assistance
may reduce the relative differences in EMG activation magnitude between the
two walking tasks, thereby making their neuromuscular patterns more similar
and slightly reducing class separability.

A paired sample t-test was conducted to compare the accuracy of task predic-
tion between exoskeleton-assisted and unassisted conditions. There was no sig-
nificant difference in accuracy observed between the two conditions (p=0.748).
Figure [5| presents the mean + standard deviation of the Fl-scores for the three
activity classes under exoskeleton-assisted and unassisted conditions for all four



Activity Detection under Exoskeleton Assistance 11

subjects. Overall, comparable performance is observed during in-domain evalu-
ations, indicating that exoskeleton assistance does not significantly affect clas-
sification performance. For the no Activity class, the mean Fl-score slightly
improves in the assisted condition, although variability across subjects remains
noticeable. For both Walking and Walking with Weight, the mean F1-scores
are consistently high (above 0.87) in both conditions, with overlapping standard
deviation ranges. The small differences between assisted and unassisted cases,
together with overlapping error bars, suggest that the EMG feature represen-
tations remain discriminative even in the presence of mechanical assistance. A
similar pattern was observed for the F1 scores of cross-domain evaluation too,
but with a reduced value.

A repeated measures ANOVA was performed to compare model accuracy
across the four conditions. The results indicated that in-domain models (trained
and tested on data from the same condition) achieved significantly higher ac-
curacy than cross-domain models (trained on one condition and tested on the
other) (p < .05). No significant difference was found between the two in-domain
models or between the two cross-domain models.

5 Discussion

The main objective of this paper was to explore whether robotic exoskeleton
assistance influences the performance of a machine learning model for the pre-
diction of human activities related to walking. The results demonstrated that
classification performance remains largely consistent across exoskeleton-assisted
and unassisted conditions for in-domain evaluations. The comparable F1-scores
and overlapping standard deviations indicate that the discriminative capability
of the extracted EMG features is preserved even in the presence of mechanical
assistance. However, when the same machine learning model is used for cross-
domain evaluation, the accuracy of prediction is significantly reduced.

A window size of 100 ms is selected as a compromise between responsiveness
and classification performance. A shorter window size allows faster system re-
sponse and improves real-time control capabilities, but it may lead to reduced
feature stability due to limited signal information. Conversely, a larger window
size provides more stable statistical features but increases system latency. The
system’s response time should remains below 300 ms, to minimise any perceived
lag [I0]. This trade-off is particularly important for rehabilitation and assistive
exoskeleton systems, where timely detection of user intention is essential for
effective human-robot interaction.

Identification of walking-related activities (walking and walking with weight)
consistently achieved higher F1l-scores than the no-activity class. This suggests
that the CNN architecture effectively captured dynamic muscle activation pat-
terns during gait. While walking with weight showed slightly better performance
in the unassisted condition, this difference diminished under exoskeleton assis-
tance. This may be explained by reduced separability in the EMG feature space.
Since several extracted EMG features are amplitude-dependent, mechanical as-
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sistance likely attenuates the relative differences in muscle activation between
loaded and unloaded walking [4]. This might cause the feature distributions of
the two walking classes to become more similar, leading to comparable classifi-
cation performance.

Although exoskeleton assistance may reduce muscle activation amplitude due
to partial load compensation, the relative temporal structure and coordination
patterns among muscles appear to remain sufficiently informative for classifi-
cation [II] [I6]. The convolutional layers likely captured invariant temporal
features that generalise across both assisted and unassisted scenarios. The find-
ings also suggest that EMG remains a reliable sensing modality for activity
recognition even in the presence of external mechanical support. This suggests
that a single trained model may be effective under both assisted and unassisted
conditions.

Moreover, consistent performance across subjects demonstrates the gener-
alisation capability of the proposed 1D-CNN framework. Maintaining high F1-
scores across various individuals and conditions further supports the feasibility
of integrating deep learning-based EMG classification into adaptive exoskeleton
control strategies.

The results indicate that although EMG-based models achieve high accu-
racy under the same operating conditions, cross-condition evaluation between
exoskeleton-assisted and non-assisted scenarios leads to reduced performance.
This finding suggests that exoskeleton assistance alters underlying EMG pat-
terns, emphasising the need for domain-adaptive learning approaches to enable
reliable human-robot interaction and adaptive control in assistive exoskeleton
systems.

6 Conclusion

This study investigated the effectiveness of a 1D CNN to predict the three ac-
tivities with the help of features extracted from Electromyogram signals under
exoskeleton assisted and non-assisted conditions. The predicted classes include
no activity, walking and walking without weight. These were predicted using the
EMG data collected from four subjects. The findings demonstrate that the model
performs consistently within both exoskeleton-assisted and non-assisted condi-
tions; however, reduced accuracy during cross-condition evaluation suggests that
exoskeleton assistance alters EMG signal characteristics, highlighting the need
for adaptive learning approaches in assistive robotic systems.

However, a major limitation of the study was the small number of partic-
ipants, which may constrain the generalisability of the results. Future studies
should focus on developing domain adaptation and transfer learning strategies
to improve the model’s ability to generalise across exoskeleton-assisted and non-
assisted conditions, thereby mitigating the exoskeleton-induced shifts observed
in EMG signal patterns. These adaptive learning strategies enable robotic sys-
tems to keep stable performance across users and rehabilitation stages, which
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is important for clinical deployment of exoskeletons, prostheses, and socially
assistive rehabilitation robots.

Acknowledgment

This work was supported by the European Union’s Horizon Europe programme
through the SWAG Project under Grant 101120408 and by Horizon Europe UK
Research and Innovation (UKRI) under the UK government’s Horizon Europe
funding guarantees 10079504.

References

10.

11.

Ali, A., Fontanari, V., Schmoelz, W., Agrawal, S.K.: Systematic review of back-
support exoskeletons and soft robotic suits. Frontiers in bioengineering and biotech-
nology 9, 765257 (2021)

Amanov, B., Ibrayev, S.: Enhancing orthopedics and sports medicine with lower
limb exoskeleton control in rehabilitation using deep learning based electromyog-
raphy signal classification. Retos 61, 616—625 (2024)

Bhattacharya, A., Sarkar, A., Basak, P.: Time domain multi-feature extraction and
classification of human hand movements using surface emg. In: 2017 4th interna-
tional conference on advanced computing and communication systems (ICACCS).
pp. 1-5. IEEE (2017)

Clark, B.C., Manini, T.M., Ordway, N.R., Ploutz-Snyder, L.L.: Leg muscle activity
during walking with assistive devices at varying levels of weight bearing. Archives
of physical medicine and rehabilitation 85(9), 1555-1560 (2004)

De Looze, M.P., Bosch, T., Krause, F., Stadler, K.S., O’sullivan, L.W.: Exoskele-
tons for industrial application and their potential effects on physical work load.
Ergonomics 59(5), 671-681 (2016)

Dos Anjos, F., Ghislieri, M., Cerone, G., Pinto, T., Gazzoni, M.: Changes in the
distribution of muscle activity when using a passive trunk exoskeleton depend on
the type of working task: A high-density surface emg study. Journal of Biomechan-
ics 130, 110846 (2022)

Gonzélez-Mendoza, A., Quinones-Uriostegui, 1., Salazar-Cruz, S., Perez-Sanpablo,
A L, Lopez-Gutiérrez, R., Lozano, R.: Design and implementation of a rehabilita-
tion upper-limb exoskeleton robot controlled by cognitive and physical interfaces.
Journal of Bionic Engineering 19(5), 1374-1391 (2022)

Hasan, S., Alam, N.: Comprehensive comparative analysis of lower limb exoskeleton
research: control, design, and application. In: Actuators. vol. 14, p. 342. MDPI
(2025)

Hazar, Y., Ertugrul, O.F.: Developing a real-time hand exoskeleton system that
controlled by a hand gesture recognition system via wireless sensors. Biomedical
Signal Processing and Control 99, 106886 (2025)

Hudgins, B., Parker, P., Scott, R.N.: A new strategy for multifunction myoelectric
control. IEEE transactions on biomedical engineering 40(1), 82-94 (1993)

Jeong, H., Haghighat, P., Kantharaju, P., Jacobson, M., Jeong, H., Kim, M.: Muscle
coordination and recruitment during squat assistance using a robotic ankle—foot
exoskeleton. Scientific reports 13(1), 1363 (2023)



14

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

S.Alingal Meethal et al.

Khairuddin, I.M., Sidek, S.N., Majeed, A.P.A., Razman, M.A. M., Puzi, A.A., Yu-
sof, H.M.: The classification of movement intention through machine learning mod-
els: the identification of significant time-domain emg features. PeerJ Computer
Science 7, €379 (2021)

Kok, C.L., Ho, C.K., Tan, F.K., Koh, Y.Y.: Machine learning-based feature ex-
traction and classification of emg signals for intuitive prosthetic control. Applied
Sciences 14(13), 5784 (2024)

Parajuli, N., Sreenivasan, N., Bifulco, P., Cesarelli, M., Savino, S., Niola, V., Espos-
ito, D., Hamilton, T.J., Naik, G.R., Gunawardana, U., et al.: Real-time emg based
pattern recognition control for hand prostheses: A review on existing methods,
challenges and future implementation. Sensors 19(20), 4596 (2019)

Phinyomark, A., Phukpattaranont, P., Limsakul, C.: Feature reduction and selec-
tion for emg signal classification. Expert systems with applications 39(8), 7420—
7431 (2012)

Pirondini, E., Coscia, M., Marcheschi, S., Roas, G., Salsedo, F., Frisoli, A., Berga-
masco, M., Micera, S.: Evaluation of the effects of the arm light exoskeleton on
movement execution and muscle activities: a pilot study on healthy subjects. Jour-
nal of neuroengineering and rehabilitation 13(1), 9 (2016)

Preethichandra, D., Piyathilaka, L., Sul, J.H., Izhar, U., Samarasinghe, R.,
Arachchige, S.D., de Silva, L.C.: Passive and active exoskeleton solutions: Sensors,
actuators, applications, and recent trends. Sensors 24(21), 7095 (2024)

Qureshi, M.F., Mushtaq, Z., ur Rehman, M.Z., Kamavuako, E.N.: Spectral image-
based multiday surface electromyography classification of hand motions using
cnn for human—computer interaction. IEEE Sensors Journal 22(21), 20676-20683
(2022)

Rodrigues-Carvalho, C., Ferndndez-Garcia, M., Pinto-Fernédndez, D., Sanz-Morere,
C., Barroso, F.O., Borromeo, S., Rodriguez-Sanchez, C., Moreno, J.C., Del-Ama,
A.J.: Benchmarking the effects on human—exoskeleton interaction of trajectory,
admittance and emg-triggered exoskeleton movement control. Sensors 23(2), 791
(2023)

Sado, F., Ghazilla, R.A.R., Hamza, M.F., Yap, H.J., Faris, W.F., Ahmad, N.f.
Gabralla, L.A., Rusydi, M.K., Chiroma, H.: Ergonomic assessment of a multi-joint
actuated lower extremity exoskeleton to assist dynamic lifting and carrying tasks.
Scientific Reports 15(1), 31868 (2025)

Sawicki, G.S., Ferris, D.P.: Mechanics and energetics of level walking with powered
ankle exoskeletons. Journal of Experimental Biology 211(9), 1402-1413 (2008)
Sedighi, P., Li, X., Tavakoli, M.: Emg-based intention detection using deep learn-
ing for shared control in upper-limb assistive exoskeletons. IEEE Robotics and
Automation Letters 9(1), 41-48 (2023)

Sun, H., Gu, X., Zhang, Y., Sun, F., Zhang, S., Wang, D., Yu, H.: An enhanced
resnet deep learning method for multimodal signal-based locomotion intention
recognition. Biomedical Signal Processing and Control 101, 107254 (2025)

Taori, S., Lim, S.: Use of a wearable electromyography armband to detect lift-lower
tasks and classify hand loads. Applied Ergonomics 119, 104285 (2024)

Tkach, D., Huang, H., Kuiken, T.A.: Study of stability of time-domain features for
electromyographic pattern recognition. Journal of neuroengineering and rehabili-
tation 7, 1-13 (2010)

Vora, H., Kakhki, F.D.: Emg-based anomaly detection for evaluating exoskeleton
impact on muscle strain. In: 2025 IEEE International Conference on Consumer
Electronics (ICCE). pp. 1-4. IEEE (2025)



27.

28.

Activity Detection under Exoskeleton Assistance 15

Yao, Y., Shao, D., Tarabini, M., Moezi, S.A., Li, K., Saccomandi, P.: Advance-
ments in sensor technologies and control strategies for lower-limb rehabilitation
exoskeletons: A comprehensive review. Micromachines 15(4), 489 (2024)

Young, A.J., Ferris, D.P.: State of the art and future directions for lower limb
robotic exoskeletons. IEEE Transactions on Neural Systems and Rehabilitation
Engineering 25(2), 171-182 (2016)



	EMG-Based Lower Limb Activity Recognition for Exoskeleton-Assisted and Unassisted Locomotion Using Deep Learning

