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1. Introduction

Many fields of research have recently made significant progress with the use of
wearable sensors for the evaluation, monitoring, and analysis of health in several contexts,
including healthcare [1,2], rehabilitation [3], industry [4], sports [5], and others [6]. Such
sensors foster human-centered approaches to research and innovative applications and
extend practical use, playing key roles in improving people’s lives [7]. However, the
adoption of wearable sensors poses several scientific challenges, including issues regarding
data management, effective data analysis, calibration, the design of novel sensors (regarding
wearability and power supply issues), and novel sensors’ adherence to previously adopted
standards. There are even logistical challenges to face, related, for example, to compatibility
with and adherence to mandatory guidelines, especially in critical scenarios (such as those
in medicine) [8].

In this Special Issue, “Wearable Sensors for Human Health Monitoring and Analysis,”
we aimed to foster scientific interest in these challenges and gathered a collection of
12 papers that describe the diverse applications of wearable biomedical sensors in the
healthcare context pertaining to wearable sensors for human health monitoring and analysis.
These contributions are grouped into key thematic areas, reflecting the breadth of research:

1. Neurophysiology and brain signal analysis. The authors of papers in this category utilized
neurophysiological techniques such as electroencephalography (EEG) and functional
near-infrared spectroscopy (fNIRS) to evaluate cerebral activity, pain intensity, and
movement control, including studies on multilevel pain assessment using fNIRS and
design suggestions for the optimal way of using wearable EEG equipment to evaluate
motor imagery.

2. Muscle and neuromotor analysis through physiological sensors. This area of research
investigates the monitoring or classification of neuromuscular and motor activity
(EMG, sEMG, and muscle synergies), with applications in clinical, biomechanical, and
sports contexts. It includes electromyographic comparisons of training equipment and
multi-scale CNNs for sEMG-based hand gesture recognition for prosthetic devices.

3. Wearable motion sensors and human motion evaluation. These papers focus on the design,
validation, and calibration of wearable sensors to analyze complex movements among
frail individuals or those performing physical activities. Notable contributions address
analyzing optimal wearable motion sensor placement for accurate classification of
fall directions and the validity and test-retest reliability of spatiotemporal running
parameter measurement. The utility of calibrating wearable sensors for quantifying
infant leg movements is also explored.
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4. Design of and technologies used for wearable devices and digital health. The studies in this
category explore the design and development of novel hardware and software solu-
tions for wearable systems, with emphasis on efficiency, energy, and data management.
It includes studies on hybrid energy-efficient harvesting systems for healthcare wear-
ables as well as the design and development of a smart fidget toy using blockchain
technology to improve health data control.

Taken together, these papers highlight the key role of wearable sensors in under-
standing physiological mechanisms and advancing healthcare, medicine, industry, and
sports. They further promote the adoption of these devices by providing insights for use,
practical implementation strategies, software and hardware design considerations, and
novel algorithms. A complete list of the contributors to this Special Issue is provided below:

- Zhu, W,; Lin, Y. Physiological Sensor Modality Sensitivity Test for Pain Intensity
Classification in Quantitative Sensory Testing. Sensors 2025, 25, 2086. https://doi.
org/10.3390/s25072086.

- Falivene, A.; Johnson, C.; Klingels, K.; Meyns, P; Verbecque, E.; Hallemans, A.; Biffi,
E.; Piazza, C.; Crippa, A. Time-Normalization Approach for {NIRS Data During Tasks
with High Variability in Duration. Sensors 2025, 25, 1768. https:/ /doi.org/10.3390/s2
5061768.

- Abelleira-Lamela, T.; Marcos-Pardo, PJ.; Abraldes, ].A.; Gonzalez-Gélvez, N.; Espeso-
Garcia, A.; Esparza-Ros, E; Vaquero-Cristébal, R. Electromyographic Comparison of
Traditional Fitness Machines, Outdoor Fitness Equipment Without Load Selectors,
and Outdoor Fitness Equipment with Load Selectors in a Seated Chest Press Exercise
in Trained Young Men. Sensors 2024, 24, 7740. https:/ /doi.org/10.3390/s24237740.

- Fratti, R.; Marini, N.; Atzori, M.; Miiller, H.; Tiengo, C.; Bassetto, F. A Multi-Scale
CNN for Transfer Learning in SEMG-Based Hand Gesture Recognition for Prosthetic
Devices. Sensors 2024, 24, 7147. https:/ /doi.org/10.3390/s24227147.

- Bobrova, P; Perego, P.; Boiano, R. Design and Development of a Smart Fidget Toy
Using Blockchain Technology to Improve Health Data Control. Sensors 2024, 24, 6582.
https:/ /doi.org/10.3390/524206582.

- Teng, S.; Kim, J.-Y,; Jeon, S.; Gil, H.-W,; Lyu, J.; Chung, E.H.; Kim, K.S.; Nam, Y.
Analyzing Optimal Wearable Motion Sensor Placement for Accurate Classification of
Fall Directions. Sensors 2024, 24, 6432. https:/ /doi.org/10.3390/524196432.

- Riglet, L.; Orliac, B.; Delphin, C.; Leonard, A.; Eby, N.; Ornetti, P.; Laroche, D;
Gueugnon, M. Validity and Test—Retest Reliability of Spatiotemporal Running Param-
eter Measurement Using Embedded Inertial Measurement Unit Insoles. Sensors 2024,
24, 5435. https:/ /doi.org/10.3390/524165435.

- Tohidinejad, Z.; Danyali, S.; Valizadeh, M.; Seepold, R.; TaheriNejad, N.; Haghi, M.
Designing a Hybrid Energy-Efficient Harvesting System for Head- or Wrist-Worn Health-
care Wearable Devices. Sensors 2024, 24, 5219. https:/ /doi.org/10.3390/s24165219.

- Carretero, A.; Araujo, A. Design Decisions for Wearable EEG to Detect Motor Imagery
Movements. Sensors 2024, 24, 4763. https:/ /doi.org/10.3390/524154763.

- Khan, M.U.; Sousani, M.; Hirachan, N.; Joseph, C.; Ghahramani, M.; Chetty, G,;
Goecke, R.; Fernandez-Rojas, R. Multilevel Pain Assessment with Functional Near-
Infrared Spectroscopy: Evaluating AHBO2 and AHHB Measures for Comprehensive
Analysis. Sensors 2024, 24, 458. https://doi.org/10.3390/524020458.

- Oh, J.; Loeb, G.E.; Smith, B.A. The Utility of Calibrating Wearable Sensors before
Quantifying Infant Leg Movements. Sensors 2024, 24, 5736. https://doi.org/10.3390/
§24175736.
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- Scano, A.; Lanzani, V.; Brambilla, C.; d"Avella, A. Transferring Sensor-Based Assess-
ments to Clinical Practice: The Case of Muscle Synergies. Sensors 2024, 24, 3934.
https:/ /doi.org/10.3390/524123934.

A brief description of the novel contributions and main challenges faced in this Special
Issue is provided in the following section.

2. Neurophysiology and Brain Signal Analysis

This section focuses on neurophysiology and brain signal analysis, sharing as a com-
mon topic the use of non-invasive neurophysiological techniques (EEG and fNIRS) to
evaluate cerebral activity, pain intensity, or movement control.

“Time-Normalization Approach for fNIRS Data During Tasks with High Variability in
Duration” presents a novel algorithm that aids in the comparison of multiple acquisitions
during (fNIRS) recordings. The proposed algorithm performed well on a set of experimental
data presented by the authors; it was distributed with the publication and has been made
available to users.

“Multilevel Pain Assessment with Functional Near-Infrared Spectroscopy: Evaluating
AHBO2 and AHHB Measures for Comprehensive Analysis” assesses pain in non-verbal
patients. The study focuses on assessing pain via the analysis of fNIRS signals combined
with machine learning, utilizing multiple fNIRS measures, including oxygenated and
deoxygenated hemoglobin. The combination of these two measures demonstrated superior
performance relative to when they were used independently in multilevel pain analysis.

Finally, “Design Decisions for Wearable EEG to Detect Motor Imagery Movements”
investigated how one can make informed decisions regarding the design of wearable
electroencephalography (wearable EEG) devices for the evaluation of motor imagery,
drawing several conclusions regarding the optimal sampling frequency, the EEG system’s
comfort and portability, trials, the number of electrodes, algorithms, and their parameters,
thus providing a set of practical suggestions for experimenters.

3. Muscle and Neuromotor Analysis Through Physiological Sensors

This section focuses on muscle and neuromotor analysis via physiological sen-
sors, investigating the monitoring and classification of neuromuscular or motor activ-
ities (EMG, sEMG, muscle synergies, and movement) with clinical, biomechanical, or
sports-related aims.

“Physiological Sensor Modality Sensitivity Test for Pain Intensity Classification in
Quantitative Sensory Testing” deals with chronic pain and introduces a novel framework for
objectively classifying pain intensity levels using physiological signals (blood volume pulse
(BVP), galvanic skin response, EMG, respiration rate, skin temperature, and pupillometry)
during Quantitative Sensory Testing sessions based on multiple wearable sensors, revealing
that BVP is the most critical one for understanding pain levels.

Furthermore, “Electromyographic Comparison of Traditional Fitness Machines, Out-
door Fitness Equipment Without Load Selectors, and Outdoor Fitness Equipment with
Load Selectors in a Seated Chest Press Exercise in Trained Young Men” describes an EMG
assessment of the upper limbs of young men during their use of outdoor fitness equipment.
The authors concluded that training with the outdoor seated chest press generated less
EMG activity than traditional machine training. However, in general, an outdoor chest
press equipped with a load selector system proved effective for strength training, yielding
results comparable to those achieved the seated chest press.

“A Multi-Scale CNN for Transfer Learning in sSEMG-Based Hand Gesture Recogni-
tion for Prosthetic Devices” describes how advancements in neural network approaches
have enhanced the effectiveness of surface electromyography (sSEMG)-based hand gesture

https://doi.org/10.3390/s26020575
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recognition when measuring muscle activity. However, such methods hardly achieve high
generalization and robustness, often requiring significant computational resources. In de-
veloping a robust model that can quickly adapt to new datasets using transfer learning, the
authors highlight the effectiveness of transfer learning in creating adaptive, user-specific
models for sSEMG-based prosthetic hands.

Finally, “Transferring Sensor-Based Assessments to Clinical Practice: The Case of
Muscle Synergies” expands on how advanced methods for analyzing motor control (muscle
synergies) can be used to enhance the comprehension of the neuromotor system and adapt
and predict the outcomes of therapies conceived to restore motor function. The paper also
discusses the practical and technical challenges to be faced in adopting muscle synergies in
clinical environments in research and in clinical practice.

4. Wearable Motion Sensors and Human Motion Evaluation

This section includes research that discusses wearable motion sensors and human
motion evaluation, aiming at designing, validating, and calibrating wearable sensors to
analyze complex movements or physical activity.

The authors of “Analyzing Optimal Wearable Motion Sensor Placement for Accurate
Classification of Fall Directions” assessed inertial measurement unit (IMU) sensors placed
at 12 distinct body locations to determine the most effective positions for capturing fall-
related data. Statistical analyses of the results for the most effective classifier model
demonstrated that the support vector machine is more effective than other classifiers across
all sensor locations, with statistically significant differences in performance; the optimal
sensor configuration for fall-direction classification involves strategically combining sensors
placed on the pelvis, upper legs, and lower legs.

Furthermore, “Validity and Test—Retest Reliability of Spatiotemporal Running Pa-
rameter Measurement Using Embedded Inertial Measurement Unit Insoles” discusses
the validation of the DSPro® insoles, developed to collect running parameters during
tasks. The aim of this study was to assess the test-retest reliability and criterion validity of
running gait parameters from DSPro® insoles compared to a motion-capture system. The
test-retest reliability reflected moderate to excellent ICC values (ICC > 0.50).

Finally, in “The Utility of Calibrating Wearable Sensors before Quantifying Infant
Leg Movements”, the authors used wearable sensors to measure infant leg movement,
showing that offset error in the measurement of gravitational acceleration is common
among commercially available sensors. They demonstrate how offset and other errors
can be measured using three wearable sensors available to professionals and how they
affected a threshold-based movement detection algorithm for the quantification of infant
leg movement. Additionally, they reveal how these offsets can be calibrated and corrected
for to increase the reproducibility of results across sensors.

5. Design and Technologies for Wearable Devices and Digital Health

This section includes papers that describe design and technologies pertaining to
wearable devices and digital health, focusing on the development of hardware/software
wearable systems, with attention to efficiency, energy, and data management.

In “Designing a Hybrid Energy-Efficient Harvesting System for Head- or Wrist-Worn
Healthcare Wearable Devices,” the authors describe the architecture of a system based on
highly efficient photovoltaic panels, compact thermoelectric modules, and two ultra-low-
power BQ25504 DC-DC boost converters (Texas Instruments, Dallas, United States) which
can increase battery life from 9.31 h to over 18 h, making it suitable for health-monitoring
wearables worn on the head, face, or wrist region, specifically for outdoor workers.

https://doi.org/10.3390/s26020575



Sensors 2026, 26, 575

“Design and Development of a Smart Fidget Toy Using Blockchain Technology to
Improve Health Data Control” explores the integration of blockchain technology in wear-
able health devices through the design and development of a SmartFidgetToy. Using an
iterative user-centered design approach, the authors developed a mid-fidelity prototype of
a physical fidget device with a blockchain-based web application. The study revealed high
user interest (70%) in blockchain-based data control and sharing features and improved
perceived security of data (among 90% of users) with blockchain integration.

6. Conclusions

This Special Issue, “Wearable Sensors for Human Health Monitoring and Analysis,”
presents a comprehensive collection of cutting-edge research in the field of wearable sensors.
The 12 papers featured in the collection emphasize the rapid evolution and interdisciplinary
nature of this field, offering significant contributions to both fundamental understanding
and practical applications in human-health monitoring. Spanning novel approaches to
pain assessment using fNIRS and sEMG-based prosthetic device control, advancements in
fall detection and energy-efficient power solutions, and the pioneering use of blockchain
for health data management, the collection highlights the enormous potential of wearable
technology in healthcare. These advancements in the use of wearable technologies pave
the way for improved practices, novel design approaches and paradigms, and advanced
research programs. As biomedical sensor technology continues to evolve, the findings
from these studies hold significant promise in revolutionizing medical practices and ad-
dressing complex health-related challenges, ultimately leading to better human health
and well-being.
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Abstract: Sensor-based assessments in medical practice and rehabilitation include the measurement of
physiological signals such as EEG, EMG, ECG, heart rate, and NIRS, and the recording of movement
kinematics and interaction forces. Such measurements are commonly employed in clinics with
the aim of assessing patients’ pathologies, but so far some of them have found full exploitation
mainly for research purposes. In fact, even though the data they allow to gather may shed light on
physiopathology and mechanisms underlying motor recovery in rehabilitation, their practical use in
the clinical environment is mainly devoted to research studies, with a very reduced impact on clinical
practice. This is especially the case for muscle synergies, a well-known method for the evaluation of
motor control in neuroscience based on multichannel EMG recordings. In this paper, considering
neuromotor rehabilitation as one of the most important scenarios for exploiting novel methods to
assess motor control, the main challenges and future perspectives for the standard clinical adoption
of muscle synergy analysis are reported and critically discussed.

Keywords: muscle synergies; kinematic synergies; functional synergies; clinical assessment; instru-
mental assessments

1. Introduction

Sensor-based assessments in medical practice and rehabilitation include the use of
measurement of physiological signals such as electroencephalography (EEG), electromyo-
graphy (EMG), electrocardiography (ECG), and near-infrared spectroscopy (NIRS), and
the recording of movement kinematics and interaction forces [1]. Even though these mea-
surements are commonly employed in clinics for assessing patients, some of them have not
been fully exploited [2]. In fact, while instrumental assessments of patients may shed light
on mechanisms underlying physiopathology and motor recovery, they have been used
mostly in research studies, with a reduced impact on clinical practice, at least for some
of these techniques [3]. This is especially the case for muscle synergies, a multichannel
EMG-based analysis technique method for the evaluation of motor control commonly
used in neuroscience. Muscle synergy refers to the coordinated activation of groups of
muscles working together to produce specific movements or perform a particular task [4].
The concept of muscle synergies is based on the idea that the nervous system organizes
and controls complex movements by recruiting and coordinating the activity of multiple
muscles as functional units or modules [5]. In this way, rather than controlling each muscle
involved in a movement individually, the nervous system simplifies the control process
by organizing muscles into synergistic groups and flexibly combining their activation.
These muscle synergies help streamline motor control and contribute to the efficiency of
movements. Thus, muscle synergies are often studied in motor neuroscience to understand
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how the nervous system orchestrates movements. Researchers use muscle synergy-based
approaches to analyze muscle activity and movement patterns during various tasks, finding
applications in many clinical scenarios [6], including post-stroke patients [7-9], Parkin-
son’s disease [10], cerebral palsy [11], and others. Understanding muscle synergies may
have implications for many fields such as rehabilitation [12], sports science [13], and
robotics [14], as it provides insights into how the nervous system controls and coordinates
movements [15]. Muscle synergy approaches have been used in many clinical applications.
First, they have been used to investigate different tasks. In fact, muscle synergies have
been identified as biomarkers of cortical damage in stroke patients during walking [16],
showing that patients usually have a lower complexity in motor control. Other studies
expanded synergistic assessment to upper limb movements, finding that shoulder muscle
synergies are altered in hemiplegic patients [9,17]. Secondly, muscle synergies have been
embedded into multidomain evaluations. In fact, muscle synergy assessment has been
coupled with other signals, such as kinematics and EEG, to provide a comprehensive
evaluation of patients [18,19]. Multiparameter approaches also include muscle synergies
with spinal map activities, connecting EMG recorded at muscle level to the spatiotemporal
motoneuronal activity in patients with spinal cord injuries [20]. Muscle synergies have also
been employed to describe device-assisted rehabilitation. In fact, a field that has benefited
from synergistic approaches is robotic rehabilitation, in which muscle synergies have been
used to assess motor control improvement, showing that robotic treatment has beneficial
effects on upper limbs [21,22] and hands [23]. Rehabilitation in virtual reality environments
has also been assessed with muscle synergies in post-stroke patients [24] and children with
cerebral palsy [25]. Lastly, muscle synergies have been used to guide functional electrical
stimulation (FES) controller during lower limb rehabilitation [26] and to control myoelectric
hand prosthesis [27].

However, despite their increasing diffusion in motor neuroscience research, the impact
of synergies is still limited. Indeed, research findings and innovations reached in this field
have had few effects on clinical scenarios or social and economic aspects of society, since
the practical application of synergies is still very limited. From the analysis of the current
literature, which is very wide and whose systematic report is beyond the scope of this
contribution, fundamental issues emerge, showing that, although the method of muscle
synergy analysis is spreading, it is far from being fully exploited in clinical scenarios. Some
limitations are more evident, such as the limited number of participants in the studies;
other limitations are subtler and include the use made of synergies merely as an evaluation
metric. In addition, although some reviews that summarize the findings are available for
many sub-fields of applications of muscle synergies, quantitative meta-analyses have not
been provided. Therefore, with this contribution, we try to address the main issues that
emerged from our screening by discussing several challenges that have only partially been
met so far by the scientific and clinical communities.

In this study, referring mainly to neuromotor rehabilitation as the most promising
scenario for applying synergistic approaches, the main challenges for the standard clinical
adoption of muscle synergies are reported and critically discussed. Thus, the aim of the
study is to summarize the main challenges needed to transfer muscle synergies for major
exploitation in the clinical field.

2. Challenges

The literature that is available regarding muscle synergies has been screened to identify
the most representative work published so far about muscle synergies, especially regarding
possible application to clinical scenarios. The corpus of available studies is very wide. Mus-
cle synergies have become a major topic in neuroscience, as portrayed in Figure 1, which
shows the number of English papers published in indexed journals from 1999 available in
Scopus (updated until 30 April 2024). The subject area is limited to medicine, neuroscience,
engineering, and computer science; the document type is limited to articles and reviews;
and the language is limited to English.
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Figure 1. Number of papers found on Scopus when using “muscle AND synergy OR synergies” as
keyword for the query and searching in abstract, keywords, and title, updated in April 2024.

The main added value of muscle synergies regards the comprehension and quan-
tification of neuro-motor variables in the domain in which they are generated. In fact,
standard clinical scales and kinematic analysis only investigate the output of the non-linear
neuro-muscle—skeletal system dynamics, disregarding the neural variables and processes
that account for such output. This is reflected in the consideration that most of the re-
habilitative approaches focus on improving task performance and/or joint performance
to indirectly improve neural activation, while a more direct approach should focus on
assessing the patient’s neural commands and observe which kinematic coordination will
result [7,28]. Whether muscle synergy analysis is more useful than conventional clinical
metrics for assessing neurological patients’ severity remains unclear; however, further
support for the need of muscle synergies comes from the motor abundance principle [29],
which states that similar motor outputs are possibly generated by multiple manifolds of
muscle activations [30]. In this way, the investigation of higher levels (with respect to
kinematics) of the hierarchical and modular organization of the neuro-motor system is
required to fully understand the system.

Surprisingly, despite their increasing diffusion in motor neuroscience research, the
impact that synergies have reached (intended as the influence, significance, or effect of
research findings) is still poor and is limited mainly to basic research. It follows that clinical,
practical, real world, social, and economic impacts of the method are still very limited.
Thus, a great challenge for the field is to transfer the synergistic approaches from basic
research to clinical use, which could be one of the most valuable applications, if not the
most attractive, of this method.

The screening of the literature allows to identify three main groups of challenges
connected to the adoption of muscle synergies in clinical scenarios: logistic challenges,
technical challenges, and research challenges (Figure 2).
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Figure 2. A summary of the challenges to be faced as summarized in this work. Logistic challenges
include training and education, to design ambitious studies, to guarantee readability of the results.
Technical challenges include to guarantee standardization and reproducibility, to account for intra-
individual and inter-individual variability, to promote data sharing and inter-operability. Research
challenges include to improve synergistic models, filling the gaps in the understanding of synergistic
control, to integrate synergistically sound approaches with clinical practice, to use synergies “in the
therapy loop”, including synergistic approaches in the decisional process.

Logistic Challenges. They include the resources needed and organizational issues to
be solved to make the method compatible with clinical scenarios. The following logistic
challenges have been identified:

e  Training and education;
e  Design of ambitious studies;
e  Guarantee of readability /access to the results.

Technical Challenges. They include the technical application of the method and the
scientific activities connected to the method. The following technical challenges have
been identified:

e To guarantee standardization and reproducibility;
e Toaccount for intra-individual and inter-individual variability;
e To promote data sharing and inter-operability.

Research Challenges. They include wider scoped questions that relate to the improve-
ment and the full understanding of the method itself and its application to clinical scenarios.
The following research challenges have been identified:

e  Toimprove synergistic models, filling the gaps in the understanding of synergistic control;

e Tointegrate synergistically sound approaches with clinical practice;

e To use synergies “in the therapy loop”, including synergistic approaches in the deci-
sional process.

10
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2.1. Logistic Challenges
2.1.1. Training and Education

Synergy analysis is a highly multidisciplinary approach to understanding neuro-
motor control, which requires knowledge in many fields. A general rule for success in
multidisciplinary fields is to gather multidisciplinary scientific teams able to cover all
the areas of knowledge needed to gather data, perform the analysis, and interpret the
results [31]. To correctly acquire multichannel EMG signals, the first step is to guarantee
accurate synergistic assessment. It has been shown that specific professional figures might
be instructed to perform signal recordings rather than relying only on bioengineers or
on medical personnel without a specific training [32,33]. Furthermore, there is a need for
bioengineers who are instructed and updated on the variety of steps for synergy extraction
and have a wide view of the available literature, including signal processing, algorithms
for extraction, and synergistic models. Experienced physicians are also needed to drive
scientific questions and to support the selection of the best pipelines and algorithms
to adopt for synergy analysis, as they encompass a physiological interpretation of the
findings [34]. It is of paramount importance that all these figures work as one to improve
the impact of synergy-based studies, while much work in the field is carried on by a subset
of them.

2.1.2. To Design Ambitious Studies

In terms of statistical significance, most of the synergy-based studies cannot compare
with standard clinical studies that use clinical scales for patients’ assessments, e.g., to
evaluate the outcome of standard occupational therapy or the effect of drugs. This is
probably due to their intrinsic design based on the nature of research, highly relying on
pilot and concept work. Indeed, a recent review highlighted that clinical studies with
muscle synergies involve only about 15 patients on average [6]. Other factors may include
the relatively long time needed for preparing the set-up and instrumenting patients with
sensors, and the complexity and effort needed for analyzing the data. A specific field that
well exemplifies this limitation is robotic rehabilitation, where, according to the authors’
best knowledge, the study based on synergistic evaluation with the largest number of
enrolled patients is from Lencioni et al. [21], originally featuring 40 post-stroke patients
(32 of whom completed the protocol and were analyzed). All the other studies on robotic
rehabilitation enrolled a lower number of patients, thus limiting the significance of the
results, even when they were based on very refined designs and algorithms. Consequently,
systematic reviews conducted on muscle synergy studies are usually based on proof of
concept studies rather than on structured clinical trials.

Moreover, in many clinical contexts, multichannel EMG (eight or more channels)
might not be available, since this kind of equipment can be very expensive for clinics [35].
It is indeed necessary that many clinical structures decide to equip themselves with such
instruments, with the consideration of muscle synergies as a cost-effective technique to be
employed and supported.

2.1.3. To Guarantee Readability / Access to the Results

Synergistic approaches generate output data that are hard for engineers to read and
interpret, as they lack neurological or physiology knowledge, and for physicians, as they are
not always fully aware of the details of each synergy extraction method and how it impacts
the interpretation of the outputs. For example, the level of impairment and the side of lesion
in stroke patients may influence the synergy structure [36,37]; therefore, understanding of
the pathological state is needed for a correct interpretation of synergy analysis. However,
in a few works, the data regarding the type of lesion are available. A fundamental tool
to fill this gap may come from the adoption of detailed reports that summarize the main
findings achieved in the study. Synthetic reports should be comprehensive of explanations
and physiological interpretation of the modifications of synergies induced by treatments or
when comparing conditions, coupling clinical and synergistic findings. Such reports might

11
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also involve synthesis of the outputs at different time frames, for example, in longitudinal
studies. They might also exploit artificial intelligence or reasoning systems to provide
accurate reports, shared across studies if based on the same evaluation systems.

2.2. Technical Challenges
2.2.1. Standardization and Reproducibility

One of the most crucial challenges regards the establishment of standardized methods
and pipelines to extract synergies from EMG signals. This process is made of many steps
and includes electrode positioning, signal filtering (high-pass and low-pass cut-off fre-
quencies, whose effects have been studied systematically, e.g., in [38]), EMG normalization
(according to various techniques), data pooling (i.e., whether data should be averaged,
concatenated, or analyzed separately [39]), and other preprocessing steps. Two further
analysis steps are particularly crucial: the choice of the extraction algorithm, which may
vary depending on the aim and on the study design, and the choice of the criteria for
selecting the number of synergies. Both these design selections intrinsically impact in a
fundamental way the interpretation of the data and the clinical application of synergistic
models. There are many algorithms that can be used, such as the synchronous or spatial
model [40,41], the temporal model [42,43], the spatiotemporal model [44], the space-by-time
model [45], and the autoencoder [46]. Interestingly, each model may capture features that
help describe synergistic control under specific assumptions, and thus intrinsically incorpo-
rate a specific knowledge and understanding of the physiology underlying neural control
of movement. A clear example of this can be found in Berger et al. [47,48], who showed
that the spatial model could not identify specific impairments in the motor organization of
patients with cerebellar damage. It was instead shown that temporal and spatiotemporal
synergies could capture relevant modifications. Despite the variety of algorithms and
approaches available, almost no other study has compared synergy extraction approaches
to understand the range of applicability and efficacy of each algorithm on clinical data,
limiting the analysis to one synergistic model per work. Similarly, no guideline is available
regarding which models should be coupled to specific conditions or pathologies. It follows
that one major challenge would be to couple the most appropriate algorithm(s) for the
investigated domain.

Another still unresolved challenge is the selection of the optimal number of synergies.
Even though a large variety of methods have been proposed and tested, including standard
VAF/R? thresholds, minimum VAF variation, a priori selection, linear fit, multi-VAF
resolution analysis [49], and others, it is still a matter of debate whether an optimal number
of synergies can really be defined, and how [50]. Indeed, since synergies are expected
to be organized at the neural level, one would expect that it would be possible to define
univocally the “right” number of synergies, even though recent work suggests that a
multiresolution analysis might be more suitable and accurate for interpreting synergy
data [51]. How these problems relate to observed findings such as synergy merging and
fractionation [9] is also a matter of investigation for a better understanding of motor control
to foster the clinical application of synergistic approaches.

Some attempts to improve reproducibility and standardization have been made by
proposing reference evaluation protocols [51] or by distributing toolboxes for synergis-
tic control in some applications, including upper limb [52], general purpose and lower
limb [53], hand [54], and exoskeleton walking [55]. However, these attempts of standardiz-
ing synergy analysis are mostly from a single group or a few research groups rather than
from a wide consortium of synergy users.

2.2.2. To Account for Intra-Individual and Inter-Individual Variability

Movement shows intrinsic variability that can be observed both at the intra-individual
level, due to the differences in the multiple executions of the same task by the same
subject [56], and at the inter-individual level, related to the variation of motor patterns
when multiple subjects perform the same task [57]. Movement variability is reflected in
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synergy variability [58]. A very important need is to build a definitive highly reliable
quantification of the intra-individual and inter-individual variability of synergies in order
to define normative datasets that allow to evaluate, in a comparative sense, the results
with referable data. Generating such datasets would implicitly constrain many protocol
choices to a standard procedure (e.g., number and positioning of the EMG electrodes)
and allow to quantify at what extent differences and modifications are due to inherent
modifications of the neural system and which are due to intrinsic physiological variability
between trials and subjects. Movement variability may affect the correct interpretation of
synergies, capturing changes that are not related to neurological improvements [59]. This
limitation afflicts many longitudinal studies and has rarely been quantified in previous
works, even though it is a fundamental step toward an aware use of the method.

2.2.3. To Promote Data Sharing and Inter-Operability

As clinical scales show some limitations such as poor resolution in evaluating mo-
tor capabilities and potential inter-operator biases [60], they are in general completely
inter-operable between clinical centers and standardized in their formulation. The same
standardization is not found with muscle synergies [61]. Thus, transferring synergies to
clinical practice would require individuating common and shared platforms for data shar-
ing; individuating common and shared data formats; and building publicly interconnected
repositories. All these aspects are at the moment completely missing and contribute to
making the results of many studies difficult to compare. Lastly, there is also a lack of shared
databases that can be exploited by the scientific community; in fact, the vast majority of the
data underlying synergistic studies are not published in shared repositories (probably also
due to the limited number of subjects available).

2.3. Research Challenges
2.3.1. To Improve Synergistic Models, Filling the Gaps in the Understanding of
Synergistic Control

Improving synergistic models would facilitate clinical practice as it would simplify
the choice of methods and algorithms to be employed to study each clinical condition.
Several communications and reviews have pointed out specific directions to follow, which
are summarized below.

The neural basis of synergistic control. More work should be carried out to under-
stand whether synergistic control reflect neural implementation and what are the neural
bases underlying it [62]. Much effort has been made to understand the roles of the spinal
cord, brain stem, and motor cortical areas in the activation, organization, and fine-tuning of
muscle synergies. A recent review suggested to constrain models with neurophysiological
knowledge [63]. Discerning the applicability of spatial, temporal, and spatiotemporal
models should also be further considered. Moreover, the alteration in muscle synergies
might be dependent on the site of lesions, the severity of impairment, and the stage of
disease [64], and these data are often not considered in the available studies.

Synergy models. It has also been suggested to encourage the concurrent use of various
synergy models—spatial, temporal, and spatiotemporal synergies. The number of synergies
represents either the dimension of the spatial structure or the number of independent
temporal patterns, and it has been observed that these two aspects are often mixed in the
analysis. To select a number, criteria based on noise estimates through bootstrap methods,
reliability of analysis results, or functional outcomes of the synergies provide interesting
substitutes to criteria solely based on variance thresholds [65].

Link to the task space. A major step toward the conception of synergy-driven ap-
proaches may also come from the linking of neural synergies to the task space variables [14],
which has been addressed with recent novel algorithms that extend the concept of syn-
ergies by incorporating task variables to the neural drive [66-68] or factorizations based
on multidomain approaches [18]. In such approaches, muscle weights are flanked with
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task weights (typically kinematic or force) that show how the neural synergy results in a
task output.

The role of non-linearities. Most of the algorithms used so far naturally employ a
linear combination of synergies to produce purposeful movement. While this is compatible
with most of the observations made on humans and on animals, it is possible that future
work will have to consider more complex models, and thus they may require to adopt
non-linear models, such as the recently used autoencoder-based approaches [46], kinematic—
muscular synergies [66], or information and network theory to measure the task relevance
of the synergies [67].

2.3.2. To Integrate Synergistically Sound Approaches with Clinical Practice

One complex challenge to face is to find a proper trade-off between standard clinical
assessments and synergistic approaches by harmoniously integrating the two frameworks.
In fact, finding a common ground between structured protocols typical of research labora-
tories and clinical demands poses a challenge that has not yet been solved. In laboratory
studies, volunteers are typically requested to follow structured protocols (e.g., standard
multitarget reaching movements exploring many directionalities throughout many repeti-
tions [69] or, in any case, a wide variety of movements and task repetitions). In a clinical
environment, a sufficient level of motion variability should be persevered (i.e., when possi-
ble, a reasonable number of tasks and repetitions should be performed to guarantee that
synergistic extraction is adequately representing the repertoire of modules available to
subjects) keeping in mind the limitations due to patients” motor capability and coopera-
tion [6]. A reasonable trade-off might be an approach combining synergies with functional
movements resembling clinical scales [70,71], even though more should be carried out to
find a consensus.

2.3.3. To Use Synergies “in the Therapy Loop”, including Synergistic Approaches in the
Decisional Process

So far, synergies have been used only as an evaluation tool in the vast majority of
studies [7]. Typically, synergies are used as a mere evaluation method to compare two
conditions (e.g., pre- or post-therapy synergies in longitudinal studies; robot-assisted
synergies, and free movement in single-session studies). However, even though such
approaches are valuable in principle, they do not fully exploit the potential of a synergistic
approach, as they evaluate synergies as an output of an intervention conceived in another
domain. In fact, there is a lack of synergy-based rehabilitation protocols, i.e., protocols
conceived to promote, restore, or reshape specific synergies or synergy combinations. So,
the neural frame is used only to evaluate the effects of therapies and interventions that
are not conceived in the same domain but rather in the tridimensional space or in the
joint domain inspired to human kinematics. Few studies have focused on developing
effective ways to use muscle synergies as a training target or a control input signal for
intervention systems; however, changes in muscle synergies would maximize the motor
function improvement [7]. Creating synergistic-based rehabilitation protocols might be an
example on how to foster such a view, for example, by changing the destination and use
of the robot due to synergistic assessment, to customize therapies on the basis of synergy
clustering in order to restore specific synergies, or to reshape temporal commands in case
synergies cannot be changed (as in chronic patients). Another option would be, in the
robotic field, to create control-based algorithms based on synergistic approaches [72] or to
tune therapies or assistance depending on the recorded synergies.

A summary of the main needs and lessons learned to transfer muscle synergy to a
standard suitable for clinical practice are shown in Table 1.
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Table 1. Needs and lessons learned regarding the application of synergistic approaches in clinical

environments.

Type of Challenge

Needs

Lessons Learned/Possible Solutions

Logistic

Training and Education

To correctly acquire multichannel EMG signals with
personnel devoted to data acquisition.

To enroll bioengineers to support analysis. They
should be updated on synergistic models

and pipelines.

Physicians should drive clinical questions and needs.

Logistic

To design ambitious studies

To increase the number of structured studies.

To enroll a large number of patients/healthy controls
to increase study significance.

To consider expensive equipment as cost-effective.

Logistic

To guarantee readability of the results

To provide synthetic reports for clinicians, including
physiological explanations, multisession comparisons,
etc., readable by technical and medical personnel.

To guarantee standardization

To generate consensus guidelines for processing
and protocols.
To provide freely usable synergy-based toolboxes.

Technical and reproducibility To limit custom choices in research by defining
technical standards.
To associate algorithms and pipelines to specific
research questions.

Techmical To account for intra-individual and To buﬂd §harefi and pul?hc r.eference (.:lata‘.bases. .

inter-individual variability To m'vestlgate' 1ntra—s’e551‘0‘n, inter-session, 1ntra-sub]ect,

and inter-subject variability.

Techmical To promote data sharing and To %nj%v%juate common pla(;cfo;l‘ms C{o; datfa sharing.

inter-operability To indivi uatg common and share at'a qrmats.
To create publicly interconnected repositories.
To improve the understanding of the neural basis of
To improve Synergistic models, fllhng the synergistic control.
Research gaps in the understanding of To concurrently implement multiple synergy models.
synergistic control To create a link to the task space.

To evaluate the role of non-linearities.
To generate consensus protocols, at least for some

Research To integrate synergistically sound classes of experiments.

approaches with clinical practice To harmonize the requirements of the clinics with the
requirements of synergistic approaches.
To create synergy-based rehabilitation protocols.
To use synergies “in the therapy loop”, To change the destination and use of the
Research including synergistic approaches in the

decisional process

therapy /robot/treatment due to synergistic assessments.
To create control-based algorithms based on
synergistic approaches.

3. Perspectives
3.1. Logistic Challenges

Logistic challenges that have to be addressed include the need for professional re-
sources to make the method compatible with clinical scenarios. A multidisciplinary team
is necessary to apply synergy analysis and to understand the neuro-motor control. The
knowledge needed for data gathering, performing the analysis, and interpreting the results
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should be covered by qualified experts in the field. Therefore, expert professionals are
needed to correctly acquire multichannel EMG signals, as a fundamental preliminary step
for the data analyses aiming at synergy extraction in order to reduce signal noise, cross-talk,
artefacts, and inaccuracies. Then, the analyses should be supported by bioengineers who
are updated on synergistic models and data processing and able to select the pipelines that
best fit the aims of the work. An appropriate physiological interpretation and a selection
of relevant clinical implications should instead be led by physicians, providing insights
from a medical point of view. Only a constant interaction with all these professional figures
may guarantee the exploitation of the full potential of the method. From this perspective,
readability of the results of synergistic analysis becomes a crucial issue. Indeed, the outputs
of the analysis can be non-trivial to read and interpret for both engineers and physicians.
Therefore, the main findings should be summarized in detailed reports that provide com-
prehensive explanations and physiological interpretation of the modifications of synergies
induced by treatments or when comparing conditions, adding clinical interpretation to
synergistic outputs according to systematic criteria.

Moreover, comprehensive studies applying muscle synergy analysis are not available
in the literature and are usually limited to pilot research studies. Therefore, more structured
studies in which the longitudinal course of therapy is investigated should be designed and
a large number of participants and patients should be enrolled so that the significance and
generalizability power of the studies increase. A last barrier to overcome refers to the non-
negligible cost of the equipment. For a systematic adoption of muscle synergy analysis,
clinical structures need to equip themselves with such instruments and consider muscle
synergies as a cost-effective technique to be employed and supported.

3.2. Technical Challenges

The standardization and the reproducibility of the methodological approach is funda-
mental for increasing the applicability of synergy analysis in clinical scenarios. To overcome
this challenge, it is necessary to generate consensus guidelines for processing and protocols,
including the pre-processing steps, the choice of the synergy model and the correspond-
ing factorization algorithm, the criteria for selecting the number of synergies, and others.
These guidelines may be associated with specific research questions in which different
methodological steps are needed, so that guidelines are specified for each investigation.
Defining technical standards and reducing custom choices will help to spread the use of
these techniques, and especially increase the possibility of comparisons between studies.
The adoption of freely usable and distributed synergy-based toolboxes [52] should be en-
couraged to guarantee easy-to-use methods for all researchers and clinicians and promote
common background between researchers.

Another important technical aspect poorly assessed in the literature is the need to
quantify the intra-individual and inter-individual variability of synergies, to avoid the
misinterpretation of synergistic output by assuming that changes or modifications to syner-
gies are due to neurological improvements rather than physiological differences between
experimental sessions or experimental biases (e.g., imperfect inter-session electrode po-
sitioning). Therefore, normative datasets need to be created to investigate intra-session,
inter-session, intra-subject, and inter-subject variability and publicly shared in order to
build normative databases of muscle synergies that can be used as reference. The limited
data sharing and inter-operability are also technical challenges to face, that add further
need of standardization to the previously described limitations. To promote data sharing, it
is fundamental to identify common data formats that can be used by anyone and to identify
common platforms in which data can be shared. Publicly interconnected repositories
can be created for this purpose; indeed, this will help to exploit research findings and to
compare studies.

16



Sensors 2024, 24, 3934

3.3. Research Challenges

From a research point of view, synergistic models need to be improved to facilitate their
use in clinical practice. First of all, the role of neural structures, such as the spinal cord, the
brain stem, and motor cortical areas, in implementing synergistic control should be better
understood so that synergy models can be linked more directly to neuromotor physiology.
Moreover, since different synergy models provide different insights into motor control,
multiple synergy models should be implemented concurrently to provide comprehensive
perspectives when describing motor control in a specific scenario. Another important step
to improve the interpretation of the outcomes of synergy models is the inclusion in the
model of a direct link to the task space, showing how neural synergies are mapped into task
outputs. Some models have been developed [66], but more research needs to be performed
in future to overcome limitations such as linearity of the models.

One complex challenge to face is to integrate synergistically sound approaches with
clinical practice. Indeed, a trade-off between standard clinical assessments and synergistic
approaches should be found. In fact, a sufficient variety and quantity of movements is
necessary for extracting reliable synergies; however, this need should consider the limita-
tions due to patients’ motor capability and cooperation. Therefore, consensus protocols
should be generated to harmonize the requirements of clinical treatments with the re-
quirements of synergistic approaches. One possible option is to use assessments based on
functional movements, resembling those performed in clinical scales [71], that are already
administered to patients when they are evaluated in clinics with standard protocols.

Finally, the potential of the synergistic approach has not been fully exploited, as
synergies have been used only as an assessment method. Indeed, the synergistic approach
should be included in the decisional process performed by clinicians in selecting specific
rehabilitative programs. Synergy-based rehabilitation protocols, conceived to promote,
restore, or reshape synergies, should be encouraged and their efficacy assessed. For
example, the destination and use of a robotic operator for rehabilitation may be decided
on the basis of synergistic assessment and control-based algorithms based on synergistic
approaches. In this way, the effects of therapies and interventions are evaluated in the
muscle synergy domain, with the aim of maximizing motor function improvement.

4. Conclusions

Many challenges arise when aiming at the systematic application of muscle synergies
to clinical practice. However, to date, the challenges and issues presented in this work
have not been addressed and solved all together, leaving a wide margin for improving the
adoption of the method in clinical practice. There is a need for comprehensive and ambi-
tious future studies addressing and solving these challenges. In fact, some of the challenges
have been partially addressed but never with a comprehensive uniform vision, which is
ultimately needed for transferring muscle synergy assessment to standard clinical practice.
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Abstract: While interest in using wearable sensors to measure infant leg movement is increasing,
attention should be paid to the characteristics of the sensors. Specifically, offset error in the mea-
surement of gravitational acceleration (g) is common among commercially available sensors. In
this brief report, we demonstrate how we measured the offset and other errors in three different
off-the-shelf wearable sensors available to professionals and how they affected a threshold-based
movement detection algorithm for the quantification of infant leg movement. We describe how to
calibrate and correct for these offsets and how conducting this improves the reproducibility of results
across sensors.

Keywords: calibration; movement quantification; offset error; inertial measurement unit (IMU);
wearable sensors; reproducibility

1. Introduction

The consistent quantification of infant leg movements has potential clinical applica-
tions. For example, some researchers found a significant correlation between the frequency
of kicking movements in infancy and the onset of walking [1]. Others have shown that leg
movement characteristics are altered in infants born preterm [2], with low birth weight [3],
or with Down’s syndrome [1,4]. These findings suggest the diagnostic potential of infant
leg movement kinematics, particularly when measured at a very early age.

While infant leg movements can be studied with three-dimensional motion capture
systems, these systems are only useful for measuring movement over a short period
(minutes) of observation. The same is true of video-based movement analysis. Because it
currently requires visual annotation by experienced coders, in our experience, analyzing
5 min of infant leg movement data takes a few hours. In both cases, quantification is thus
limited to minutes of behavior and does not capture the full range of behaviors that infants
produce across one or more days. Alternatively, interest is growing in measuring the
full-day movements of infants in their natural environments using wearable sensors [5-7].
Commercially available wearable sensors are relatively inexpensive and easy to operate,
and some sensors can even be shipped to the homes of participants. With the currently
available battery life, such sensors can record infant leg movements continuously for days.
It is important to note, however, that while collecting wearable sensor data with off-the-
shelf sensors is relatively easy, analyzing the data is not. Sensor-based metrics need to be
created and validated for infants, as off-the-shelf analyses are not available for analyzing
infant leg movements.
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Any measurement technique requires decisions about what aspects of behavior are
useful to measure and what methods for data analysis are needed to quantify those as-
pects. Movement duration is one such aspect that may help distinguish infant-generated
movements from any other movement such as cuddling of caregivers or vibrations from
different sources. A previous study reported that infant spontaneous kicks are typically less
than 500 milliseconds long [8]. This translates to some number of data points depending
on the sampling frequency (f;) of the sensor. Movement intensity is another aspect to
consider. Commercially available inertial measurement units (IMUs) generally transduce
and quantify all three axes of translational acceleration plus all three axes of gyroscopic
rotational velocity. Infant leg movements can be defined according to a minimal acceler-
ation magnitude and counted according to the number of times the magnitude crosses a
predefined threshold [7].

Researchers interested in using wearable sensors to measure the frequency of infant leg
movements and estimate physical activity intensity, particularly those newly introduced to
the methodology, need to understand the kinds of errors to which multi-axis accelerometers
are prone and how they might affect the results of movement detection and counting
algorithms. This knowledge will facilitate not only the collection but also the comparison
of data from multiple studies and IMU devices. Specifically, errors of gain (i.e., the static
effects of gravity reported are proportional to but not identical with 1 g = 9.8 m/s?), non-
orthogonality of axes (i.e., there is no orientation in which all the effects of gravity appear
on only one axis), offsets (i.e., when oriented orthogonally to gravity, the signal is non-zero),
and noise (fluctuations around the mean when the sensor is at rest) need to be considered.

This study aims to raise awareness on the need for calibration adjustments for IMU
data analysis by (1) reporting the gain, misalignment (non-orthogonality of axes), offset,
and noise of measurement axes for IMUs used to collect movement data, (2) providing
a tutorial on a simple calibration and correction method [9], which has been noted by
researchers over time [10,11], and (3) demonstrating its ability to improve the comparability
of movement counts among the different IMUs. Three samples from each of three different
models of IMUs for each of these types of error were tested. The results demonstrate
that only offset errors were significant and that they had significant effects on movement
detection, which were mitigated by the calibration procedure described herein.

2. Background

Identifying discrete, countable movements from continuous analog signals gener-
ated by wearable sensors necessarily requires threshold-based algorithms such as those
developed and validated previously [7] and that employed in this study. Briefly, the time-
stamped Euclidian norm of acceleration (|| 4 ||) measured along three axes is calculated
(square root of the sum of the squares of each axis of acceleration). Translational accelerom-
eters respond to the static effects of gravity, so || a || is detrended (|| a ||;) by subtracting
its median (based on the assumption that the infant is at rest at least 50% of the time) so
that the values of the detrended norm are centered around the baseline of 0 g. Positive and
negative threshold values are dynamically set near 4-0.1 g to detect movements that start
with or against the static effects of gravity, respectively. A movement starts with a value
of || a ||; above the positive threshold or below the negative threshold. The movement
ends after consecutive values cross the baseline twice from different directions within 1.5 s
(indicating a movement that is accelerated from and decelerated to a resting posture), with
at least one of the values crossing the threshold opposite to the one already crossed. During
the entire duration of the movement, the angular velocity norm with its median subtracted
should be greater than 0. The portion of || 4 ||; (connected pink dots) marked by a green
line in Figure 1B showcases the described movement.
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Figure 1. Movement detection algorithm’s output for raw and calibrated wearable data analysis.
(A) Magnitude of the detrended acceleration norm (|| 4 ||;) in a window of 1.6 s when gain and/or
offset is not corrected. The positive threshold (pos. threshold) is crossed once, but the negative
threshold (neg. threshold) is not crossed. This is because, overall, || a ||; is shifted upward within
this window. No movement is defined within this window. (B) Same data after offset and gain error
corrected; || a ||; values are shifted downward, and the trajectory crosses both the positive and the
negative threshold, allowing a movement (mov.) to be detected after calibration. Median subtracted
angular velocity norm (rotational) is greater than 0 during the duration of the movement.

A movement may be missed when accelerometer analyses are not adjusted for cali-
bration. Figure 1A showcases where uncalibrated infant leg movement data are provided
to the algorithm. The || a ||; values during this 1.6 s period are shifted upward from the
baseline of 0 g (red solid line) because of the uncorrected errors in the offset. The trajectory
of || a ||4 rises and crosses the positive threshold but does not cross the negative threshold.
The algorithm thus decides that this trajectory is not a movement. When errors are cor-
rected, the missed movement is counted (Figure 1B). For asymmetrical movements, failure
to correct offset errors can also result in the false-positive identification of movements.

3. Materials and Methods
3.1. Selected Wearable Sensors

Three tri-axial IMU models in common use were tested to compare the presence of
gain and offset error: Opal version 2 (APDM Inc., Portland, OR, USA), Ax6 (Axivity Ltd.,
Newcastle, UK), and Movesense Active HR2 (Movesense Ltd., Vantaa, Finland). Opal
has been a popular choice that has been validated for recording various aspects of human
movement [12-14] and even used as a reference when validating other sensors [15]. The Ax6
and Active sensors are also often used to measure or recognize human movement [15-19].

Specifications of the sensors are provided in Table 1. The sensors had distinct shapes.
Opal and Ax6 were cuboids with round corners, having orthogonal faces aligned with the
axis measuring g (gravity axis). In contrast, Active had a button-like shape with top and
bottom surfaces well aligned with gravity. The other two axes were found to have limited
accuracy, because the orientation of the axes was not indicated on the circular shape of
the sensors.
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Table 1. Specifications of the wearable sensors.

Name Dimension (mm) ! Sampling 2 Range 3 Resolution 3 Noise 3
Frequency (Hz)
43.7 x 39.7 x 13.7 14 bits (A), 120 pug/+/Hz (A),
Opal V2 (L x W x H) 20 16 bits (G) 0.0025 deg/s/+/Hz
23 x 32.5 x 8.9 +16 g (A), .
e (L x W x H) 2 2000 deg/s (G) 16 bits (4, G) N/A
Movesense Active 36.6 x 10.6 .
HR2 (D x H) 52 16 bits (A, G) N/A

1 Opal V2 and Ax6 are cuboid-shaped, while Movesense Active has a button-like shape (L: length, W: width,
H: height, D: diameter). 2 Frequency used to record data is reported. > Measures for an accelerometer (A) or a
gyroscope (G), respectively; N/A: not provided from data sheets.

3.2. Preparation of Datasets

Two types of datasets were prepared. Calibration datasets were generated from 60 s
recordings of each of the three IMU models. Each sensor was placed on a level floor in
two different orientations (up and down) per axis for 10 s (10 x 6 = 60 s of recording per
sensor). This allowed one of the three axes to be parallel to the direction of gravity and
measure g along that specific axis. These measurements were later compared with the
expected g value (—1 or +1) to estimate the gain and offset [9,20]. Three calibration datasets
were prepared for each of the three IMU models using three different sensors of each model.
An i0S application, Movesense Showcase (Suunto Oy, version 1.1.0), was used to find the
approximate x and y axes when preparing the calibration dataset of the Active sensors. The
sensors were connected through Bluetooth, and the app streamed the g value measured
along the axes. While observing the streamed values, the sensor was placed in orientations
that maximized the measured g (—1 or 1) along a single axis (x or y) while minimizing the
amount along the other two axes (i.e., measuring values close to 0 g).

A movement dataset was prepared from 5 min of recording using all three sensors
wrapped together and placed on the right dorsal forearm of an adult (JO). The specific
location of the sensor placement was 5 cm from the wrist (a line connecting the styloid
processes of the ulnar and radius bones). The combined mass and bulk of all three sensors
precludes carrying this out on an infant limb. The sensors recorded 200 linear forearm
movements (100 thrusts and 100 pull-backs) that mimicked the movement of the lower
leg during typical supine kicking [21] by an infant. Supine kicking is one of the earliest
and most prominent movements observed among infants between 0-6 months. It involves
the synchronized movements (flexion or extension) of an infant’s hip and knee joint. In
previous studies, leg movements including kicking were recorded using wearable sensors
placed near the ankles of infant legs [7]. To imitate kicking recorded by sensors at the ankle,
sensors were placed near the wrist of the adult, and a movement started with the shoulder
abducted at around 45°. The internal rotation of the shoulder joint and the extension of
the elbow joint (thrust) imitated an infant’s extension of the hip and the knee joints. The
external rotation of the shoulder and the flexion of the elbow (pull-back) corresponded to
the synchronized flexion of the joints of an infant. During movements, the arm was in the
air, not touching any surface.

3.3. Estimation of Errors and Measurement Noise

Prior to gain estimation, offsets for each axis were determined and corrected. If a non-
gravity axis produced the same non-zero value when the IMU was flipped in the gravity
axis, then that was indicative of a simple offset. If the non-zero values were different in the
two orientations, this was indicative of an alignment error. Misalignment is not important
for movement detection because it is based on the non-dimensional norm, but it must
be considered to determine the magnitude of the offset, which is the mean of these two
signed values. Consequently, the mean of each axis” values when it was a non-gravity axis
(expected value: 0 g) was the axis offset. Axis misalignhment was the mean of the absolute
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values of the axis after the axis offset was removed. Finally, offset-removed measurements
of +1 g were arranged. Windowed mean of values near 1 g whose standard deviation was
less than 0.01 represented a 1 ¢ measurement of the axis (111¢). The same was true for values
near —1 g (m_1g). Ultimately, the gain (G,y;s) of an axis was estimated using the following
equation: Ggyjs = (m1g) — (m_1¢)/2.

Measurement noise, the spread around the mean of a steady-state signal, was also
measured along each axis. A noisy sensor will automatically generate a larger acceleration
norm and possibly more movement counts than a noise-free sensor. To examine if this
was true with our algorithm, the measurement noise of each axis was defined as twice the
standard deviation of the values used to derive my,.

3.4. Error-Correction Procedure

The movement dataset for each sensor was first corrected for the offset of the corre-
sponding sensor. The axis-specific offset error was subtracted from the recorded linear
acceleration values of the matching measurement axis. The values were then each divided
by the gain value of the corresponding axis. Misalignment error and measurement noise
were not addressed. The former was not considered because it did not have any influence
on the movement detection algorithm based on the dimensionless norm. The latter was not
corrected based on a post hoc assessment of its influence on the work of the algorithm.

3.5. Filtering High Frequency Components

The three different IMU models had different sampling rates, reflective of the different
frequency responses available from their sensors. To be certain that the same movement
parameters were detected by all three, it was necessary to filter out the higher-frequency
components of the datasets from Ax6 and Active to be equivalent to the lower-frequency
Opal. A first-order Finite Impulse Response (FIR) low-pass filter with the Hamming
window and a cut-off frequency set at 8 Hz was applied to all three sensor types. This
was below the Nyquist frequency of the Opal sensor (10 Hz) and above the maximum
frequency of the recorded movements (~4 Hz). The digital filter was designed using the
firwin function of Python’s SciPy module (Python 3.10.6; SciPy 1.11.0).

4. Results
4.1. Offset, Misalignment, Gain, and Noise of Measurement Axes

All three sensors exhibited varying levels of offset, misalignment, and gain errors
and noise. When the sensors were in various orientations, the acceleration in the non-
gravitational Y axis was not consistently zero, as depicted in Figure 2. When the X axis
was the gravity axis, measured g values (solid lines) were near —0.07, even when the
sensor was flipped. When the Z axis was the gravity axis, one orientation returned Y
values near —0.065, while the other generated values near —0.095. This is indicative of axis
misalignment as well as offset. The calculated offset and misalignment of the axis were
—0.074 g and 0.016 g. Table 2 reports different types of errors as well as the noise of the
measurement per axis. In general, the Ax6 sensors showed greater offset values than the
other two sensors, with all three sensors having non-zero axis offset values.

After the offset error correction, the gain values of the different sensors were near 1.
The gains of the Opal sensors were the closest to 1 (average of the three measurements
were 0.999, 0.999, and 1.000 for the X, Y, and Z axes, respectively), but those of the other
sensors were also comparable. The measurement noise was the smallest for the Opal
sensors (<0.003 g) but was deemed negligible for all the axes of all the sensors (<0.009 g).
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Figure 2. Gravitational acceleration (g) values measured along the Y axis of an Ax6 sensor. The Y axis
was a non-gravity axis. Measurement was 5 s long. When the X axis was the gravity axis, the Y axis
consistently measured values near —0.07 g, even when the sensor was flipped (solid lines). However,
when the Z axis was the gravity axis, the Y values (dashed lines) differed substantially, indicating
axis misalignment. The offset of the axis was determined by the mean of the measurements under
four different orientations. This sensor’s Y axis offset was —0.074 g.

Table 2. Offset, misalignment, gain, and noise of the three measurement axes of sensors.

Opal v2 * Ax6 * Movesense Active HR2 *
Error Axis
1 2 3 1 2 3 1 2 3
Offset X 0.018 0.013 0.013 0.062 0.030 0.065 —-0.002  —-0.017 0.084
(ideal = 0) Y —0.010 —0.023 0.013 —-0.074  —-0.067 —0.084  —0.029 —0.083 —0.185
V4 —0.012 —0.004 0.027 0.030 0.018 —0.007 0.114 0.063 0.144
Misalign. X 0.016 0.008 0.009 0.011 0.009 0.009 0.005 0.008 0.005
(ideal = 0) Y 0.006 0.006 0.000 0.016 0.005 0.001 0.004 0.021 0.004
V4 0.006 0.023 0.014 0.011 0.012 0.004 0.004 0.001 0.017
Gain X 0.999 0.999 0.999 1.002 0.998 0.998 1.009 0.997 1.008
(ideal = 1) Y 0.999 0.999 0.999 0.998 0.994 0.993 1.001 1.003 1.004
Z 1.000 1.000 0.999 1.009 1.011 1.013 1.002 1.005 1.009
Noise X 0.002 0.002 0.002 0.003 0.005 0.009 0.004 0.005 0.004
(ideal = 0) Y 0.002 0.002 0.003 0.001 0.001 0.002 0.004 0.004 0.008
V4 0.002 0.001 0.002 0.002 0.002 0.002 0.004 0.004 0.004

* Three different sensors of each type were used (1, 2, and 3). The unit of offset, misalignment, and noise is g.

4.2. Effect of Calibration and Low-Pass Filtering on the Algorithm Output of Data from
Different Sensors

The forearm movement data collected with the three sensors were preprocessed and
provided to our movement detection algorithm. The efficacy of the two preprocessing
steps—calibration and low-pass filtering—were assessed according to their improvements
on the reproducibility of movement counts across sensor types. Table 3 shows the move-
ment counts from the three sensors’ recordings under different conditions. When the
datasets were not processed at all (Raw), the three movement counts differed substantially
from one another, ranging from 185 to 269. However, the counts became more similar to
each other once the datasets were calibrated and filtered (Opal v2: 195, Ax6: 175, Movesense
Active: 213). The Opal sensor’s recording generated the most accurate count of movements;
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the recordings of the other two sensors either underestimated (Ax6) or overestimated
(Active) the number of movements.

Table 3. Movement counts with and without preprocessing steps (reference count: 200).

Noise after C + F (g)

R F
Sensor aw C C+ X Y 7z
Opal v2 269 269 195 0.001 0.001 0.001
Ax6 185 196 175 0.001 0.001 0.002
Movesense Active HR2 231 230 213 0.003 0.003 0.003

C: Calibrated gain and offset errors, F: filtered with a first-order low-pass filter (cut-off frequency = 8 Hz).

5. Discussion

The three types of wearable sensors that were tested demonstrated varying levels of
measurement errors, including misaligned axes and gain/offset problems. Correcting these
errors contributed to generating more comparable results using a threshold-based move-
ment detection algorithm with data from different sensors. This implies that behavioral
scientists who consider using commercially available wearable sensors to quantify infant
leg movements should inspect the sensors before making use of the raw data. The simple
calibration procedure and error-correction methods described herein should correct for the
major sources of sensor error.

5.1. Offset Error Is One Main Source of Incorrect Estimation

Sensor offset error appears to be the biggest concern in estimating the number of
movements using the norm of linear accelerations coming from IMUs. The gains or
sensitivity values of the sensors were all near 1. The measurement noise was also less than
0.01 g, and most misalignment errors were less than 0.02 g. The offset errors, however, were
almost always greater than 0.01 g, with some values surpassing 0.1 g.

How does the untreated offset error influence a movement detection algorithm like the
one discussed in this article? When calculating the norm, positive or negative offset errors
are also squared and added, making the norm at rest greater than 1 g. As a result of axis
alignment errors, the measured offsets depend on the sensor orientation, which will change
during a recording session, so the detrended norm sits below 0 g at rest at some times
and above 0 g at rest at other times. In the former scenario, norm values corresponding to
movements are less likely to cross a positive threshold. In the latter, a negative threshold is
not crossed (Figure 1A). Offset errors in a given sensor vary greatly in both magnitude and
sign. Any attempt to detect movements based on acceleration in a single axis instead of
computing the norm count over/underestimates the true acceleration depending on the
sign of the offset and the orientation of the sensor axis with respect to both gravity and the
infant’s limb.

Offset error along measurement axes can explain a recent finding that also supports the
need for the calibration of wearable sensors in measuring physical activity [22]. Researchers
proposed different sensor measures to estimate physical activity (PA) levels measured with
oxygen consumption (VO;), such as the count data provided through the sensor systems of
ActiGraph Llc., Euclidean Norm Minus One (ENMO), or the mean amplitude deviation
(MAD) of raw sensor data. Among the measures, the last two are easily calculable for
data from any sensor, and distinct values were proposed as thresholds to classify different
PA intensities. Weitz et al. [22] investigated the effect of calibration on the estimation of
time spent in moderate-to-vigorous physical activity (MVPA) using the two measures.
Researchers used low and high thresholds of ENMO [23] and MAD [24] to estimate time
spent in MVPA. For a sensor recording of an adult’s daily activity, the sum of the time
windows where the ENMO or MAD values are between the two thresholds defining MVPA
was equal to the daily time spent in MVPA. Researchers reported that the average of the
estimated minutes of MVPA per day based on ENMO was significantly overestimated
when the sensor data for analyses were not calibrated. Researchers further illustrated that
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a post hoc auto-calibration [20] decreased ENMO almost by half and thus reduced the
estimated MVPA volume. Varying amounts of offset error make the overall Euclidean norm
greater than 1 g at rest. Consequently, the chance of ENMO calculated from uncalibrated
sensor data crossing the lower threshold of MVPA will be significantly higher than that of
the measure coming from calibrated data. Our study and that of Weitz et al. [22] therefore
showcase two different examples of how offset error can negatively influence the accuracy
and reproducibility of measurements of the frequency of leg movements and intensity of
physical activity.

5.2. A Comparison with Alternative Calibration Methods

Calibration methods that estimate errors from the actual recording of movements
using wearable sensors have been proposed [9,20,25]. Such methods avoid the requirement
for a separate calibration and can be applied to pre-existing records for which the source
sensor is unavailable. Preparing datasets for a separate calibration process was described
as cumbersome in studies with a high throughput [20]. This is true when thousands of
sensors are used in a cohort study. Still, preparing a separate dataset of a sensor would
take at most 2 min. The benefit of this method is that the datasets are from static moments
at known sensor orientations, making the estimation of misalignment and gain errors
reliable, while other more automated methods can speculate at best from the periods of
recordings estimated to be the times of non-wear or zero-to-minimal movement such as
sleeping. Fortunately, the micro-electromechanical systems (MEMS) technology used in
modern IMUs appears to perform stably over time [26]. This suggests that in studies that
utilize smaller numbers of sensors, experimenters can collect the calibration data once and
keep track of which sensors are used to create which datasets so that their raw data can be
corrected before further analysis.

5.3. Additional Aspect to Be Considered

Although not investigated in this report, one other aspect to consider when using
multiple wearable sensors simultaneously to quantify movements is clock synchronization
between sensors. For example, if researchers want to answer whether an infant’s two
legs moved simultaneously and in-phase or reciprocally, the samples from the sensors on
each leg should have synchronized timestamps. Opal sensors do have a hub device that
communicates with sensors to synchronize the internal clocks of the sensors. This is not
the case for other sensors. One simple solution to this issue could be to have a noticeable
event at the beginning and at the end of a recording (e.g., hitting the sensors together five
times) and later interpolate the timestamps of the raw data based on the events.

6. Limitation

While an adult’s linear arm movements resemble infant supine kicks in how the
relevant joint movements are coordinated, they neither represent the full spectrum of the
leg movements infants make during a day, nor are they similar in the actual magnitude
values associated with the movements. However, the focus of this article is to demonstrate
the problem caused by the measurement errors of commercially available wearable sensors
when using an acceleration magnitude threshold-based movement detection algorithm
to quantify infant movements and how to address the problem independent of sensor
choice. Testing the effect of calibration on each sensor’s performance can be carried out by
comparing the movement counts derived from uncalibrated and calibrated datasets of the
same sensor. The direct comparison of infant movement detection by different sensors is
not possible because infant behavior varies between sessions, and it is not feasible to place
more than one sensor at a time on an infant’s limb.

7. Conclusions

Wearable motion sensors are subject to offset, misalignment, and gain errors and
noise. All kinds of errors were present in all three types of sensors tested in this study,
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with the offset error being the largest in magnitude. The simple calibration and correction
method provided here improved the reproducibility of the movement counts obtained by a
threshold-based algorithm. Studies that compare data from participants wearing different
sensors should obtain calibration data for each sensor and use them to correct the recorded
data before quantifying the movements of each participant.
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Abstract: Assessing pain in non-verbal patients is challenging, often depending on clinical judgment
which can be unreliable due to fluctuations in vital signs caused by underlying medical conditions.
To date, there is a notable absence of objective diagnostic tests to aid healthcare practitioners in
pain assessment, especially affecting critically-ill or advanced dementia patients. Neurophysio-
logical information, i.e., functional near-infrared spectroscopy (fNIRS) or electroencephalogram
(EEG), unveils the brain’s active regions and patterns, revealing the neural mechanisms behind the
experience and processing of pain. This study focuses on assessing pain via the analysis of fNIRS
signals combined with machine learning, utilising multiple fNIRS measures including oxygenated
haemoglobin(AHBO;) and deoxygenated haemoglobin (AHHB). Initially, a channel selection process
filters out highly contaminated channels with high-frequency and high-amplitude artifacts from the
24-channel fNIRS data. The remaining channels are then preprocessed by applying a low-pass filter
and common average referencing to remove cardio-respiratory artifacts and common gain noise,
respectively. Subsequently, the preprocessed channels are averaged to create a single time series
vector for both AHBO, and AH H B measures. From each measure, ten statistical features are extracted
and fusion occurs at the feature level, resulting in a fused feature vector. The most relevant features,
selected using the Minimum Redundancy Maximum Relevance method, are passed to a Support
Vector Machines classifier. Using leave-one-subject-out cross validation, the system achieved an
accuracy of 68.51% % 9.02% in a multi-class task (No Pain, Low Pain, and High Pain) using a fusion of
AHBO; and AHHB. These two measures collectively demonstrated superior performance compared
to when they were used independently. This study contributes to the pursuit of an objective pain
assessment and proposes a potential biomarker for human pain using fNIRS.

Keywords: pain assessment; fNIRS; statistical features; SVM; machine learning

1. Introduction

Pain, despite its unpleasantness, acts as an essential biomarker in our bodies, alerting
us to potential health issues, injuries, or emotional stress. Pain can be localised to a particu-
lar region, like an injury, but it can also be more widespread, as seen in many illnesses [1].
Pain is a significant issue in society as it poses a substantial public health challenge, impacts
the quality of life of sufferers, and places a burden on the economy [2,3]. The economic
impacts of pain are drastic, imposing a financial burden exceeding AUD 73 billion dollars
annually, including AUD 48.3 billion dollars in lost productivity in Australia alone [4,5].
Furthermore, it impacts the day-to-day routines and significantly diminishes the overall
quality of life. For instance, low back pain is the leading cause of disability in the world,
with over 600 million people living with pain [6]. Therefore, the assessment and manage-
ment of pain is essential for a wide range of clinical disorders and treatments, and its early

Sensors 2024, 24, 458. https:/ /doi.org/10.3390/s24020458 31 https://www.mdpi.com/journal/sensors



Sensors 2024, 24, 458

diagnosis plays a vital role in mitigating the risk of its progression into chronic conditions
or contributing to depression or anxiety [7].

Pain is a subjective experience and its measurement is difficult. In clinical practice,
two primary subjective methods are used for pain assessment: self-reports and clinical
judgment [8]. The commonly accepted method to assess pain is self-report. Self-reporting
techniques aim to gauge a patient’s pain using verbal or numerical self-assessment tools,
including methods such as visual analogue scales, verbal descriptor scales, numerical
rating scales, or the McGill Pain Questionnaire [9,10]. When self-reports are not accessible
or may be unreliable, clinical observations can serve as a supplementary or alternative
method. Clinical judgment for pain assessment relies on examining and understanding
the nature, intensity, and context of the patient’s pain experience based on observations [7].
Despite their convenience and utility, subjective reports come with various limitations such
as inconsistent measurement scales and variations in how pain is understood by medical
professionals and patients. Furthermore, these methods cannot be effectively employed in
cases involving children or patients with neurological disorders.

In order to address these limitations, researchers have turned to the analysis of the
neurological aspects of pain using objective methods such as neuroimaging [11]. For in-
stance, Wager et al. [12] developed a system that employs machine learning to analyse
data obtained from functional magnetic resonance imaging (fMRI). Their work demon-
strated the potential to identify a consistent neurological signature of pain at the individual
level. While fMRI-based objective assessments of pain have made significant progress
in understanding the brain’s pain mechanisms, the size and cost of MRI scanners and
other conventional neuroimaging tools (such as positron emission tomography) make
them impractical for routine clinical use [13]. This limitation has increased the interest in
portable neuroimaging devices that offer similar technical advantages to fMRI. One such
technology is functional near-infrared spectroscopy (fNIRS), which measures changes in
the concentrations of oxygenated hemoglobin (AHBO;) and deoxygenated haemoglobin
(AHHB)—similar to the blood oxygen level-dependent signal in fMRI. fNIRS is capable
of non-invasive measurement of near-infrared light absorption within the range of 700 to
1000 nm through the skull [14]. In contrast to traditional MRI scanners, the portability and
compatibility of NIRS with ferromagnetic and electrical components provide researchers
with the option to monitor and study functional brain activity in clinical settings [15,16].

Machine learning has played a pivotal role in neuroimaging-based methods for the
study of pain [17,18]. It helps us to better understand the pain by uncovering patterns
within clinical and experimental data [19]. Machine learning methods can effectively
acquire the ability to map features to known classes, enabling them to predict a pain
phenotype class based on a complex set of obtained features. For instance, Brown et al. [20],
in an fMRI study, employed the Support Vector Machine (SVM) algorithm to distinguish
between painful and non-painful experimental stimuli, achieving an accuracy of 81%. In an
EEG study, Gram et al. [21] examined individuals who had received either morphine or a
placebo following cold pressor test stimulation. They used the SVM algorithm to classify
responders, achieving an accuracy of 71.9%. This classification was based on wavelet
coefficients derived from each EEG band. These studies have shown the potential of
neuroimaging and machine learning in the identification of pain.

In pain research using fNIRS, machine learning has proven to be effective for the
detection and prediction of pain [22]. In a study by Pourshoghi et al. [22], authors used an
SVM classifier using B-spline coefficients from functional data analysis. They achieved a
classification accuracy of 94% in distinguishing between low-pain and high-pain signals
using fNIRS. In Fernandez et al. [23], the results indicate that by using the Gaussian Support
Vector Machine (SVM), they achieved an accuracy of 94.17% in classifying the four types of
pain within the fNIRS data. Zeng et al. [24] investigated chronic pain’s impact on brain
function using fNIRS. Machine learning achieved high accuracy in identifying chronic pain
patients based on resting-state fNIRS data, suggesting the potential for using functional
connectivity features as neural markers for chronic pain diagnosis. Despite the promising
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results obtained by the mentioned studies, there is still limited research in this field within
the literature.

This study employs an approach for pain assessment that leverages the analysis of
fNIRS signals in combination with machine learning techniques. This approach utilises
fNIRS measurements of AHBO, and AHHB to provide a comprehensive and accurate
evaluation of pain levels. While the literature emphasises AHBO; as a more promising
fNIRS measure [25,26], recent studies, as highlighted by Ho et al. [27], indicate that both
measures exhibit high accuracy in classification tasks. Therefore, in this study, both AHBO,
and AH HB measures have been taken into account. First, the pain information of 30 healthy
subjects was collected using quantitative sensory testing (QST). Then, we performed a
channel selection process to remove faulty channels from the analysis. Subsequently, ten
statistical features from each measure were extracted. Then, we utilised well-known
classifiers to identify pain levels using this reduced feature set. This study makes the
following contributions: (1) proposing an fNIRS channel selection strategy for rejecting
noisy channels based on high-frequency and high-amplitude artifacts; (2) presenting a
group of possible features from fNIRS signals for the assessment of pain; (3) identifying that
AHBO; is better at detecting high pain intensity and AHHB is good at detecting low pain
intensity; and (4) proposing the combination of AHBO, and AHHB as a possible biomarker
of human pain. This study contributes to the field of pain assessment and offers new
avenues for understanding and quantifying pain in a more precise and objective manner.

2. Materials and Methods

Figure 1 presents the core system block diagram of the proposed f{NIRS-based pain
assessment system. The system integrates attributes from both AHBO, and AHHB to
assess the pain level. Further elaboration on the materials and methodology is provided in
the following subsections.
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Figure 1. System block diagram of the proposed fNIRS-based pain assessment system.

2.1. Experimental Protocol

In this study, 30 healthy individuals (7 females and 23 males) aged 19 to 52 years
(31.7 £ 8.7 yrs) participated. None had unstable medical conditions, chronic pain, or recent
medication usage prior to testing. Participants received detailed explanations and provided
written informed consent before the start of the experiments. The research, involving
human participants, received ethical approval from the University of Canberra’s Human
Research Ethics Committee (reference number 11837).

The data collection procedure took place at the Human-Machine Interface Laboratory
at the University of Canberra, Australia. Participants were seated comfortably with both
arms resting on the table. Electrodes from a transcutaneous electrical nerve stimulation
(TENS) machine (Medihightec Medical Co., Ltd., Taipei City, Taiwan) were placed on the
participants” inner forearm and the back of their right hand. The experimental process
consisted of two phases: an initial assessment of individual pain perceptions using the
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QST protocol, which determined pain thresholds and tolerances, followed by the pain
stimulation phase. We defined the pain threshold (low pain) as the lowest stimulus intensity
at which stimulation became painful, and pain tolerance (high pain) as the highest intensity
of pain the participant could endure before reaching a point of intolerable discomfort.
In the pain stimulation phase, {NIRS data were acquired and a 60 s baseline recording was
obtained before the start of the experiment. A counterbalanced approach was employed,
alternating between low and high stimuli intensity and forearm or hand stimulation.
Six 10 s stimulus repetitions were recorded for each type of stimulus, followed by 40 s rest
intervals. Figure 2 presents a schematic representation of the stimulation and perception
of pain.

(A) Pain Perception Phase

TENS Pain Pain Pain Pain
Electrode :> Threshold Tolerance :> Threshold Tolerance
Attachment Forearm Forearm Hand Hand
Numeric Pain Rating Numeric PainRating NumericPain Rating Numeric Pain Rating
Electrical Intensity Electrical Intensity Electrical Intensity Electrical Intensity
(B) Pain Stimulation < Counterbalanced order >
| ! ! | ! | |
fNIRS ; H Pain i Pain i H Pain | Pain i i
s Baseline | ol H ! ] ' i i i
1 T ] T ] H H
ensor (no pain) i olerance | Rest | Threshold | Rest | Tolerance i Threshold { Rest |
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H i H H H H
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Figure 2. Schematic representation of the experimental procedure.

Changes in AHBO, and AHH B concentration (pmol/L) were measured using a wire-
less, continuous wave fNIRS device (Artinis Medical Systems, Gelderland, the Nether-
lands). The fNIRS system includes 24 channels covering the prefrontal cortex (PFC).
Optodes (10 sources and 8 detectors) are separated by 35 mm and placed on the frontal
lobe (Figure 3). The near-infrared light was emitted by sources with wavelengths of 760
and 840 nm at a sampling rate of 50 Hz. Figure 4 displays the raw fNIRS channels (AHBO,)
recorded over a 5 min duration while a subject experienced varying pain intensities.

(a) (b)
Figure 3. fNIRS channel information: (a) fNIRS cap. (b) Schematic of fNIRS channel locations.
Red: Sources; Blue: Detectors; and Yellow: Channels. Specifically, the optodes Tx1, Tx2, Tx7, Tx9,

Rx3, and Rx7 were positioned at the following locations on the standard 10-20 EEG system: Tx1: at
F8; Tx2: at Fp2; Tx7: at Fp1; Tx9: at F7; Rx3: at F4; and Rx7: at F3.
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Figure 4. Twenty-two-Channel fNIRS (measuring changes in AHBO,) raw data (excluding two
faulty channels) with annotated and highlighted durations for different conditions: B (Baseline), LA
(Low Arm Pain), HA (High Arm Pain), HH (High Hand Pain), and LH (Low Hand Pain). The gray
background in the figure represents the duration of each experiment phase: Baseline: 60's, LA, LH,
HA, and HH, each lasting 10 s.

2.2. Channel Selection

In the context of processing fINIRS data from 24 channels, as shown in Figure 4, some
specific challenges arose. Two of the electrodes related to channels 19 and 23 were found to
be malfunctioning, necessitating their exclusion from the analysis. This action was taken
to ensure the integrity of the data. Additionally, among the remaining 22 channels, it was
observed that certain channels exhibited distinct and undesirable features in the form of
high amplitude and sharp peaks resembling square wave artifacts. These peculiar patterns
suggest that these channels were significantly contaminated by movement artifacts or
other non-neural artifacts. To effectively address this issue and proceed with data analysis,
a preliminary step involved the systematic identification of unreliable channels to be
excluded from further processing. This selection was accomplished using the relative range
(RR) operator threshold. Relative range (Equation (1)) is defined as the ratio of the range of
the derivative of an fNIRS channel to the range of the raw channel, as follows:

RR — max(x/, ) — min(x/,)

max(x,,) — min(x) @
where x/, is the derivative of an fNIRS channel x/,, which represents the rate of change
in a signal. In the context of fNIRS signals, the derivative can highlight regions where the
signal changes rapidly, which may correspond to high-amplitude peaks (i.e., spikes) within
a channel. As a result, high RR values indicate the presence of these high-amplitude sharp
peaks. Experimental findings revealed that channels with an RR exceeding 0.1 (10%) are
typically contaminated by these artifacts. With this threshold, the channels contaminated
by artifacts were excluded, ensuring that only artifact-free channels were retained for
subsequent processing. The raw fNIRS channels (n = 17) for AHBO, measurement
selected after the channel selection algorithm are shown in Figure 5. After this step, the data
from three subjects were excluded from further processing as the algorithm resulted in the
removal of over 70% of their number of channels. For the remaining 27 subjects, the number
of retained channels after the selection process ranged from 16 to 22.
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Figure 5. Raw fNIRS channels (measuring changes in AHBO) selected after the proposed channel
selection algorithm featuring the relative range (RR). The intervals for various pain conditions are
highlighted and annotated as B (Baseline), LA (Low Arm Pain), HA (High Arm Pain), HH (High
Hand Pain), and LH (Low Hand Pain). The gray background in the figure represents the duration of

each experiment phase: Baseline: 60 s, LA, LH, HA, and HH, each lasting 10 s.

2.3. Dataset Organisation

After completing the data collection and channel selection process, all recorded data
were segmented into 10-second intervals for each class. This resulted in six observations for
the baseline class per subject, 12 observations for the low pain class per subject, and 12 ob-
servations for the high pain class per subject. In order to address the class observation
imbalance, six additional observations from the rest periods of each subject, prior to the
pain stimulation, were included in the baseline class. Consequently, the dataset consisted
of a total of 972 observations. Each subject contributed 12 observations for each class,
resulting in a cumulative total of 36 observations per subject. The dataset included 324
observations for each of the Baseline (B), Low Pain (LP), and High Pain (HP) classes.

2.4. Signal Processing: Filtration and Averaging

To suppress the noise and pulsation in fNIRS data (AHBO; and AHHB), as shown in
Figure 6, each available fNIRS channel was passed through a 4th order Butterworth infinite
impulse response low-pass filter with a cut-off frequency of 0.16 Hz [23].

AHBO, AHHB
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Figure 6. Raw 10-Second Data Segments for Baseline (B), Low Pain (LP), and High Pain (HP) Classes,
displayed for Channel 1 of AHBO; (Left) and AHHB (Right).

During fNIRS data acquisition, there can be various common noise sources that affect
the measurements. These noise sources can include changes in blood flow unrelated to
neural activity, motion artifacts, and systemic physiological changes such as heart rate and
respiration [23]. These sources can introduce noise into the fNIRS data. Common Average
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Referencing (CAR) [28] involves calculating the averages from all available channels across
the scalp for each wavelength (AHBO, and AHHB). This average is then subtracted,
for each wavelength from the signal of each individual channel. This effectively subtracts
out the common noise components shared by all channels. Equation (2) shows the channel-
averaging scheme:

1 M4 ,
han(k) M Z H(k, j) (2)
j=1

where /1 is the average of fNIRS measure H (AHBO; or AHHB), M is the total number of
channels for each participant, k is the discrete time for which the signal is recorded, and j is
the channel number. The preprocessed version of both fNIRS measures, i.e., AHBO, and
AHHB for various experimental conditions, is displayed in Figure 7.
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Figure 7. Preprocessed 10-Second Data Segments for Baseline (B), Low Pain (LP), and High Pain
(HP) Classes, displayed for AHBO, (Left) and AHHB (Right). The processing pipeline encompasses
low-pass filtering, Common Average Referencing (CAR) for each filtered channel, and the final step
of averaging across all channels, culminating in a consolidated vector representation.

2.5. Feature Extraction

The AHBO, and AHHB signals display distinct characteristics associated with the
pain intensities. Amplitude, as an indicator of pain intensity, increases with more painful
stimuli, signifying higher neural activity and oxygen demand. Variation in these signals
highlights the dynamic nature of pain experiences, showcasing rapid and substantial fluc-
tuations over time. Complexity in AHBO, and AHHB responses uncovers the intricate
interactions between brain regions and physiological systems involved in pain process-
ing [29]. The dynamics of AHBO, and AHHB responses reveal the timing of pain intensity,
from pain onset to apex, and then, to recovery. Moreover, the stability of these signals
distinguishes sustained pain from transient changes, providing insights into the persistence
of pain perception. To extract the fNIRS signal information related to intensity, dynamics,
stability, complexity, and variation-like characteristics [30], we have carefully chosen fea-
tures [31,32] such as Log Energy, Crest Factor, Shape Factor, Impulse Factor, Margin Factor,
Mobility, Complexity, Mean Absolute Deviation of First Difference, Range, and Variation in
First Difference as defined in Table 1. These features are extracted from both AHBO, and
AHHB signals and fused at the feature level to create a fused feature vector.

2.6. Feature Selection

Feature selection is crucial for improving model efficiency by focusing on important
features, reducing dimensionality, and ultimately improving the overall performance in
machine learning tasks. In this work, the Minimum Redundancy Maximum Relevance (MRMR)
algorithm [33] is utilised. MRMR identifies the most informative features for a given task
by considering both their relevance to the target variable and their redundancy with respect
to each other. It evaluates the mutual information between features and the target, ranking
them by relevance while also measuring the redundancy between features. The algorithm
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then selects features that achieve the right balance between relevance and redundancy,
resulting in a subset of features that can improve model performance with reduced features.

Table 1. Details of statistical features used in this study. The feature vector F comprises all ten
features, with h as the preprocessed signal (AHBO, or AHHB), 1 as the derivative of i, and // as the
mean of /'. hpeak/ hyms, and hgy, denote the peak, root mean square, and absolute mean of the input
signal I, respectively, while var(.) represents the variance.

Features Definitions
Log Energy F = Y0 log(h7)
Crest Factor F = ﬁ:sk
Shape Factor F = ’Zl’a’:’;
Impulse Factor k= IZ’::Xk
Margin Factor F = :::’”é
Mobility Fo= |/ 2t
Complexity F, = 2%))
Mean Absolute Deviation of First Derivative Fg = % Yrq =R
Range Fy = max(h) — min(h)

Variation in First Derivative Fio= /10 (W, —1")2

2.7. Classification

In the context of pain level assessment, the classification focus was on distinguishing
between various pain classes: Baseline (B), Low Pain (LP), and High Pain (HP). To achieve
this, we employed a reduced feature set consisting of statistical features extracted from
both AHBO, and AHH B signals. We utilised well-known classifiers such as Discriminant
(Disc) [34], K-Nearest Neighbour (KNN) [35], and Support Vector Machine (SVM) [36] to
identify pain levels using the feature set. We employed parameter optimisation, carefully
tuning the classifiers using a Bayesian approach [37]. This data-driven decision-making
process is supported by an acquisition function known as ‘expected improvement per
second plus’, which underwent 50 iterations. We identified the hyperparameters for each
classification algorithm that minimised the 10-fold cross-validation loss across the entire
dataset [38].

The classification performance was evaluated using a leave-one-subject-out cross-
validation (LOSOCV) approach [39]. In LOSOCYV, the model’s effectiveness is assessed
by withholding one individual’s data from the dataset for testing, while the data from
the remaining participants undergoes 10-fold cross validation. This process is repeated
iteratively for each subject in the dataset, ensuring that each subject serves as the test
set exactly once. The performance metrics consisting of accuracy (Acc), sensitivity (Sen),
specificity (Spec), and F1 score (F1) and obtained in each iteration were averaged to pro-
vide a comprehensive assessment of the model’s overall performance. Additionally, we
systematically tested the identification of the best-performing model with varying numbers
of features based on their MRMR rank. Thus, the combination of feature engineering,
hyperparameter optimisation, and classification algorithms proves to be a powerful toolkit
for decoding pain levels based on fNIRS signals.

2.8. Statistical Analysis

The obtained features were also analysed using statistical analysis to identify signifi-
cant differences in the obtained features across the different experimental conditions for
both AHBO, and AHH B independently. This information will help validate our hypothesis,
indicating that the obtained features encompass pain-related data from the experimen-
tal conditions. First, the data were examined for normality and homogeneity using the
Kolmogorov-Smirnov tests. Focusing on the ten extracted features from AHBO, and
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AHHB measurements for the classification of the pain level, differences were analysed
using Analysis of Variance (ANOVA). A post hoc Bonferroni test was carried out for mul-
tiple comparisons. The significant level was set to p < 0.05. All statistical analyses were
performed using SPSS version 29.

3. Results

In this section, the outcomes of the proposed multi-class {NIRS-based pain assessment
system are presented. The results of the system are demonstrated via the independent
utilisation of AHBO, and AHH B signals, along with employing combined haemoglobin
measures. Ten features are extracted from each measure and are passed to the three clas-
sifiers (Disc, KNN, and SVM). In the case of AHBO, + AHHB, the features from each
measure are fused before the classification stage, resulting in a total of 20 features in
this case. The selection of classifiers for each experiment was made following extensive
hyperparameter tuning, as detailed in Table 2.

Activation levels of {NIRS using both AHBO; and AHH B measurements for different
experimental conditions are presented in Figure 8. As shown, the highest activation in the
prefrontal cortex for AHBO; (first row) is recorded for HA (High Arm pain), while LH
(Low Arm pain) exhibits the lowest concentration level compared to other conditions and
with a very similar activation level to the baseline. Similar to AHBO,, the most elevated
activation in AH H B measures is observed in the HA condition. However, other conditions
do not exhibit a significant increase.

Table 2. Optimised hyperparameters for different classification algorithms via Bayesian Optimisation
in the context of distinguishing between Baseline (B), Low Pain (LP), and High Pain (HP).

Model Parameters AHBO; AHHB AHBO, + AHHB
Discriminant Type Pseudo Linear Linear Diagonal Linear
Disc Gamma 7.55 x 1074 0.0025 0.006
Delta 351 x 107° 2.96 x 1072 212 x 1072
Number of Neighbours 211 1 25
Distance Chebychev Cosine City Block
KNN Distance Weight Inverse Inverse Equal
Exponent - - -
Neighbour Search KD-Tree Exhaustive Exhaustive
Standardisation Yes Yes Yes
Coding One vs. All One vs. All One vs. One
Box Constraint 2.1888 10.3923 980.4894
SVM Kernel Scale - - 13.2018
Kernel Function Polynomial Polynomial Gaussian
Polynomial Order 3 3 -
Standardise Yes Yes Yes

3.1. Classification Results

The results in terms of performance metrics for each measure are presented in Table 3.
For the AHBO, measure, the SVM classifier performs remarkably well as compared to
that of Disc and KNN, achieving the highest accuracy of 64.67%. It exhibits outstanding
sensitivity (92.85%) and specificity (97.22%), underlining its ability to effectively identify
pain instances while maintaining high precision. For the AHHB measure, the SVM classi-
fier again excels with the highest accuracy of 62.28%. It maintains remarkable sensitivity
(92.87%) and specificity (97.07%), showcasing its effectiveness in pain assessment. The KNN
classifier exhibits an accuracy of 41.83%, whereas the Disc classifier displays an accuracy
of 50.94%. The combined AHBO; + AHHB measure, when paired with the SVM classi-
fier, outperforms other classification algorithms with an accuracy of 66.55%. Sensitivity
(93.8%) and specificity (96.14%) remain high, highlighting the SVM’s effectiveness in pain
assessment. The F1 Score of 96.98% emphasises the balanced performance. On the other
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hand, the KNN classifier, with an accuracy of 40.19%, shows lower performance, and the
Disc classifier, with an accuracy of 56.23%, exhibits moderate performance. The SVM
classifier consistently achieves high accuracy, sensitivity, specificity, and F1 Score, with the
AHBO; + AHHB measure performing the best among all measures.

AHBO,

AHHB

a) b) c) d) e)
I @ e
0.2 0.4 0.6 0.8

Figure 8. Haemodynamic changes shown using fNIRS for AHBO, (first row) and AHHB (second
row) measures: (a) Baseline, (b) HH (High Hand Pain), (c) LH (Low Hand Pain), (d) HA (High Arm
Pain), and (e) LA (Low Arm Pain). The color bar signifies the change in concentration of AHBO,
and AHHB (Apmol). These calculations are derived from the averages across all subjects for each
respective channel.

Table 3. System performance metrics (Acc: Accuracy, Sen: Sensitivity, Spec: Specificity, and F1 Score)
for different classification algorithms (Disc, KNN, and SVM) across various measures, with each
measure having a different feature vector length denoted by #.

Measure Model # Acc Sen Spec F1 Score
Disc 51.78 £9.94 74781943 73.30+11.91 85.98+9.60
AHBO, KNN 10 41.74+7.73 5696+17.03 64.81+1329 75.53+7.85
SVM 64.67+£599 9285+825 97.22+3.65 96.67+3.76
Disc 5094 +7.60 73571212 7577+£953 8535+6.42
AHHB KNN 10 41.83+8.34 4436+1430 7423+9.10 73.14+5.75
SVM 62.28 £5.86  92.87 +8.24 97.07 £3.62  96.63 £+ 3.83
Disc 56.23+6.84 7632+11.62 79.32+10.81 87.24+5.73
AHBO, + AHHB KNN 20 40.19+£8.09 43.63+13.77 68.06+10.01 70.99+6.07
SVM 66.55 +7.36 93.8 £ 6.38 96.14 £3.04 96.98 £ 3.08

Following the acquisition of reference values using the full feature set (see Table 3),
the feature set underwent a feature selection process using MRMR to minimise redun-
dancy and enhance the discriminative power. Table 4 presents the performance metrics
for each measure after applying MRMR. The results provide insights into how feature
selection impacts the performance of pain assessment models. In the AHBO, measure,
the feature selection process has notably influenced the performance of different classifiers.
The SVM classifier, with nine selected features, achieves the highest accuracy of 65.71%
with improved sensitivity (93.18%) and specificity (95.99%). The KNN classifier, with seven
selected features, exhibits enhanced accuracy at 44.22%, although it still falls behind SVM.

In the AHH B measure, feature selection has similarly enhanced the performance of
the classifiers. The SVM classifier, with nine selected features, maintains its position as
the top-performing classifier with an accuracy of 63.42% along with improved sensitivity
(94.44%) and specificity (97.22%). The combined AHBO, + AHHB measure benefits from
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feature selection, particularly in the SVM classifier with 15 selected features. It achieves
the highest accuracy at 68.51%, emphasising the significance of choosing both hemoglobin
measures. Sensitivity (94.7%), specificity (94.29%), and the F1 Score also reflect notable
improvements. The KNN classifier, with 18 selected features, shows an accuracy of 40.8%.
These findings emphasise the crucial role of both measures, particularly in the combined
(AHBO; + AHHB) measure, where the SVM classifier emerges as the optimal choice for
precise and well-balanced pain assessment.

Table 4. System performance metrics (Acc: Accuracy, Sen: Sensitivity, Spec: Specificity, and F1 Score)
with MRMR-based selected features for different classification algorithms (Disc, KNN, and SVM)
applied to each measure, with the feature vector length denoted by #.

Measure Model # Acc Sen Spec F1 Score
Disc 10 51.78+994 74781943 73.30+11.91 85.98+9.60
AHBO; KNN 7 4422+816 5536+1538 70.22+13.16 76.30+7.20
SVM 9 6571+£597 93.18+8.03 9599424 96.77 +3.67
Disc 10 5094+7.6 7357+1212 7577+953 85.35%6.42
AHHB KNN 10 41.83+834 4436+143 7423+9.10 73.14+575
SVM 9 6342+6.85 9444+833 97221327 9740+3.84
Disc 20 5623+684 76.32+11.62 79.32+10.81 87.24+573
AHBO, + AHHB KNN 18 408726 44.58+1527 68.83+9.34 71.72+6.34
SVM 15 6851£9.02 9470+577 9429+492 9733292

Table 5 lists the features corresponding to the optimal results for each measure. In the
approach using a fusion of haemoglobin measures (AHBO; + AHH B), among the fifteen
selected features, nine belong to AHBO,, highlighting its greater contribution compared to
the six features from AHHB.

Table 5. List of selected features for each measure, with # indicating the number of features.

Measure # Selected Features
Mobility, Complexity, Range, Shape Factor, Variation in First
AHBO; 9 Derivative, Impulse Factor, Mean Absolute Deviation of First
Derivative, Log Energy, Crest Factor.
Crest Factor, Complexity, Shape Factor, Mobility, Range, Varia-
AHHB 9 tion in First Derivative, Log Energy, Mean Absolute Deviation of

First Derivative, Margin Factor.

AHBO;: Mobility, Complexity, Range, Shape Factor, Variation
in First Derivative, Impulse Factor, Mean Absolute Deviation of
First Derivative, Log Energy, Crest Factor.

AHHB: Crest Factor, Complexity, Shape Factor, Mobility, Range,
Variation in First Derivative.

AHBO, + AHHB 15

In pain assessment, class-wise performance is also crucial because it enables the
accurate identification of different pain levels, helping clinicians in making treatments
based on individual pain experiences and needs. Analysing the class-wise performance
of each measure, as depicted in Figure 9, highlights the superior effectiveness of the SVM
classifier, particularly in accurately classifying instances of Baseline (B), Low Pain (LP),
and High Pain (HP) compared to other classification methods such as Disc and KNN.
Notably, the AHBO, measure demonstrates its strength in achieving higher classification
accuracy for High Pain (HP) instances, while the AH HB measure excels in classifying Low
Pain (LP) cases. However, it is important to emphasise the significance of identifying the
absence of pain (B) in pain assessment, and here, the AHHB measure proves better at
predicting pain-free observations compared to the AHBO, measure. The fusion of both
AHBO; and AHHB effectively integrates this information, yielding improved results for
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both LP and HP classes. In summary, the fusion of both fNIRS measures enhances class-
wise accuracies in pain assessment, contributing to a more comprehensive and precise pain
perception evaluation.

AHBO, AHHB AHBO, + AHHB

B| 73.77 | 13.89 | 11.11 B| 7253 | 11.73 | 14.51 B| 7531 | 1235 | 11.11
gLP 2685 | 358 | 37.35 LP| 2222 | 41.05 | 36.73 LP| 1852 | 4568 | 3538
HP| 26.54 | 284 | 45.06 HP| 26.23 | 3519 | 38.58 HP| 22.84 | 30.25 | 46.91
B LP HP B LP HP B LP HP

B| 54.63 | 20.99 | 23.15 B| 43.83 | 27.78 | 27.16 B| 44.14 | 30.56 | 24.07
ELP 2963 | 30.56 | 39.81 LP| 27.78 | 38.89 | 33.33 LP| 34.57 | 4167 | 23.77
HP| 29.94 | 23.15 | 46.91 HP| 23.77 | 33.95 | 42.28 HP| 27.78 | 36.11 | 36.11
B LP HP B LP HP B LP HP

B| 91.98 | 1.235 | 5556 B| 93.21 | 2469 | 3.086 B| 9352 | 216 | 3.086
%LP 4012 | 45.06 | 50.93 LP| 3.086 | 52.16 | 44.75 LP| 5.864 | 54.63 | 39.51
HP| 4.012 | 36.73 | 59.26 HP| 2469 | 534 | 44.14 HP| 5556 | 37.96 | 56.48
B LP HP B LP HP B LP HP

Figure 9. Class-wise accuracy (%) assessment of different measures using Disc; KNN; and SVM
classifiers using confusion charts.

3.2. Statistical Analyses

The results regarding the comparison of the statistically significant AHBO, feature
in the different experimental conditions are provided in Table 6. Among ten different
features for AHBO, measurement, Log Energy, Crest Factor, Shape Factor, and Range
exhibit significant differences compared to other features in distinguishing between ex-
periment conditions, as indicated by their respective p-values (F(; 975) = 3.078, p = 0.046,
Fo972) = 3264, p = 0.039, F(5970) = 3466, p = 0.032, F(397,) =10.179, p < 0.001, re-
spectively). For AHHB measures, three features, Log Energy, Margin Factor, and Range,
showed significant differences in identifying pain levels as compared to other features
(Fo972) = 3.127, p = 0.044, F (5 970) = 4.134, p = 0.016, F( 975) = 4.558, p = 0.011, respec-
tively). The results of the post hoc test for the comparison of pain levels for statistically
significant features of the AHH B measure have been provided in Table 7.

Table 6. Post Hoc Test Results for Different Levels of Pain in Various Features of AHBO, (Only
comparisons with significant (p < 0.05) values are reported.)

Feature Group One Group Two Mean Diff. Std. Error Sig. Lower Bound Upper Bound
No Pain Low Pain 73.67 41110 0.073 ~7.00 154.33
High Pain 96.99 * 41110 0.018 16.33 177.66
. No Pain ~73.67 41110 0.073 —15433 7.00
Log Energy  Low Pain High Pain 2333 40,966 0.569 —57.06 103.71
Hish Pain No Pain ~96.99 * 41110 0.018 ~177.66 ~16.33
8 Low Pain —23.33 10,966 0.569 ~10371 57.06
. Low Pain —0.02 0.039 0.685 ~0.09 0.06
No Pain High Pain 0.078 * 0.039 0.044 0.00 0.15
. No Pain 0.02 0.039 0.685 —0.06 0.09
Crest factor  Low Pain High Pain 0.094 * 0.039 0.015 0.02 0.17
Hioh Pain No Pain —0.078 * 0.039 0.044 —0.15 0.00
8 Low Pain —0.094 * 0.039 0.015 —017 -0.02
No Pain Low Pain —0.017 0.006 0.008 ~0.03 0.00
High Pain ~0.01 0.006 0.067 —0.02 0.00
‘ No Pain 0.017 * 0.006 0.008 0.00 0.03
Shape factor  Low Pain High Pain 0.01 0.006 0.402 ~0.01 0.02
. No Pain 0.01 0.006 0.067 0.00 0.02
High Pain Low Pain —0.01 0.006 0.402 —0.02 0.01
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Table 6. Cont.

Feature Group One Group Two Mean Diff. Std. Error Sig. Lower Bound Upper Bound

. Low Pain —0.05 0.055 0.386 ~0.16 0.06
No Pain High Pain 0.08 0.055 0.167 0,03 0.19
. No Pain 0.05 0.055 0.386 —0.06 0.16
Impulse factor — Low Pain  yy;0p, pyipy 0.125* 0.055 0.024 0.02 0.23
Hioh Pain No Pain ~0.08 0.055 0.167 ~0.19 0.03

8 Low Pain —0.125* 0.055 0.024 023 —0.02

No Pain Low Pain —0.165 * 0.037 p < 0.001 —0.24 —0.09

High Pain 0129 * 0.037 0.001 —0.20 —0.06
. No Pain 0.165 * 0.037 p < 0.001 0.09 0.24
Range Low Pain High Pain 0.04 0.037 0.33 —0.04 0.11
Hioh Pain No Pain 0.129 * 0.037 0.001 0.06 0.20
8 Low Pain ~0.04 0.037 033 ~011 0.04

*: the mean difference is significant at 0.05 level.

Table 7. Post Hoc Test Results for Different Levels of Pain in Various Features of AHHB (Only
comparisons with significant p-values are reported).

Feature Group One Group Two Mean diff. Std. Error Sig. Lower Bound Upper Bound
No Pain Low Pain 104.153 * 49.629 0.036 6.770 201.535
High Pain 110.774 * 49.629 0.026 13.391 208.156
. No Pain ~104.153 * 49.629 0.036 —201.535 —6.770
Log Energy  Low Pain High Pain 6.62 49.4554 0.894 —90.420 103.662
Hioh Pain No Pain ~110.774 * 49.629 0.026 —208.156 —13.391
ghta Low Pain —6.62 49.455 0.894 ~103.662 90.420
No Pain Low Pain 1.629 * 0.572 0.004 0.506 2.752
High Pain 0.621 0.572 0.277 —0.501 1.744
. . No Pain ~1.629* 0.572 0.004 2752 —0.506
Margin Factor  Low Pain High Pain ~1.007 0.570 0.078 ~2126 0.111
Hieh Pain No Pain —0.621 0.572 0.277 —1.744 0.501
8 Low Pain 1.007 0.570 0.078 —0.111 2.126
, Low Pain —0.106 * 0.04 0.00 —0.18 —0.04
No Pain High Pain 0,072 * 0.04 0.04 —0.14 0.00
. No Pain 0.106 * 0.04 0.00 0.04 0.18
Range Low Pain High Pain 0.03 0.04 0.34 —0.04 0.10
Hioh Pain No Pain 0.072 * 0.04 0.04 0.00 0.14
8 Low Pain —0.03 0.04 0.34 —0.10 0.04

*: the mean difference is significant at 0.05 level.

4. Discussions

To the best of the authors” knowledge, this is the first study that deals with the
objective assessment of pain via fNIRS within a comprehensive exploration of AHBO;
and AHHB measures. The findings reveal an association between pain intensities and
distinct statistical patterns in haemoglobin concentrations. Considering the overall system
accuracy, the AHBO, measure demonstrated better performance than the AHH B measure
in the multiclass scenario used in this study. However, when examining accuracies for
specific classes, AHBO; excels in identifying High Pain signals, while AHH B demonstrates
better accuracy for Low Pain observations. Upon a comparison of both fNIRS measures,
it can be concluded that the fusion of AHBO, and AHHB measures at the feature level
emerges as an effective method for the categorisation of the three pain intensities in our
experimental conditions.

Based on the classification results, it can be deduced that the SVM classification al-
gorithm is most effective when used with the selected statistical features across all the
measures in pain assessment. Both of the fNIRS measures are considered to be reliable
in evaluating pain, with AHBO, demonstrating slightly higher accuracy than the AHHB
measure when used independently. However, the most optimal results are obtained when
combining both AHBO; and AHHB, suggesting that a combination of these two measures
offers the best performance for pain assessment in our experimental conditions. While
AHBO, provides insights into the oxygenated haemoglobin concentration, which can indi-
cate changes in blood flow and tissue activity, AHHB reveals deoxygenated haemoglobin
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levels reflecting variations in tissue oxygen consumption. By integrating these two mea-
sures, a more holistic understanding of the physiological responses to pain is achieved.
This combined approach allows for a more robust assessment as it captures both the supply
and demand aspects of oxygen delivery, thus enhancing the ability to detect and interpret
changes in pain perception.

Existing studies on pain assessment using neuroimaging methods have primarily fo-
cused on binary classifications, mainly distinguishing between pain and no pain. However,
the development of approaches capable of distinguishing various signatures of pain has
been neglected so far. This limitation is significant given the diverse origins (e.g., peripheral,
emotional, and phantom pain), varying intensities, and durations of pain experienced in
the human body. Different types of pain are carried to the central nervous system by
different sensory receptors, responding to various stimuli associated with pain, such as
temperature, chemical, or pressure [15]. Hence, there is a need for machine learning models
that can effectively differentiate between multiple pain signatures at varying intensities,
offering greater relevance for real-world scenarios. In contrast, our study addresses this gap
by focusing on multilevel pain classification, considering pain originating from different
locations of the body, specifically the hand and arm. This is particularly important for
patients who are unable to communicate verbally, such as elderly people recovering from a
stroke or with advanced dementia, and when the source of pain is not readily apparent.

In examining activation levels across different pain conditions, our focus on AHBO;
and AHHB measures provides valuable insights into the neural responses associated with
pain perception. As depicted in Figure 8, the most pronounced increase in AHBO, levels
occurs in response to High Arm (HA) pain, emphasising the sensitivity of this measure to
high pain intensities. Similarly, increased activation is evident in High Hand (HH) pain
compared to Low Hand (LH) and Low Arm (LA) pains. These outcomes are consistent with
prior research, reinforcing the notion that elevated pain levels are associated with a more
pronounced neural response in fNIRS studies investigating AHBO; [22,40]. The significant
increase in activation during various conditions compared to the baseline, except for
Low Arm (LA) pain, is noteworthy. This could, in part, account for the lower accuracy
observed in identifying the low pain (LP) class using AHBO; across all three classifiers.
Activation levels in AHHB data exhibited minimal fluctuations across diverse conditions,
with the exception of the HA condition, where the highest activation, akin to AHBO,,
was observed. These findings highlight the superior efficacy of AHBO, as a more reliable
measure for pain assessment compared to AHHB, when used independently. However,
when combined in a feature fusion scheme, they collectively obtained better accuracy than
when used independently.

While our proposed system demonstrated better performance in identifying different
pain levels, it presents some limitations. First, the channel selection algorithm employed in
our study served the purpose of rejecting channels saturated with artifacts and noise. How-
ever, it may automatically discard channels containing valuable pain-related information.
To address this, a more advanced preprocessing algorithm should be considered, capable of
mitigating noise in unreliable channels without outright rejection. This would ensure that
potentially relevant information is retained in the dataset for more comprehensive pain
assessment. Second, it is evident in our preprocessing stage, where we opted to average
out all channels to generate a single time series vector. This approach, while simplifying
the data, has the drawback of suppressing information inherent in individual channels.
In our future work, we will conduct analysis by defining specific regions of interest based
on functional areas of the brain, which can provide insights into the localised functions and
responses to pain associated with different brain regions. Finally, our investigation into
fNIRS data primarily focused on the time domain, emphasising the extraction and assess-
ment of simple statistical features. However, by exclusively focusing on the time domain,
we may have overlooked valuable information present in other domains. To broaden the
scope of the analysis, we should consider additional domains, such as frequency or cepstral
domains, throughout the stages of preprocessing, feature extraction, and evaluation.
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5. Conclusions

In this study, we introduced a multilevel pain intensity assessment using fNIRS data,
compiling a novel dataset from healthy individuals experiencing varying induced pain
levels in distinct body locations. Analysing AHBO, and AHHB measures, we found
that AHBO; outperformed AHHB overall but excelled in predicting high and low pain
classes, respectively. Combining both measures significantly improved the performance,
demonstrating the potential of fNIRS for multilevel pain assessment. The system achieved
68.51% =+ 9.02% accuracy, 94.7% = 5.77% sensitivity, and 94.29% =+ 4.92% specificity in
diagnosing no pain, low pain, and high pain observations, respectively. Future research
aims to explore integrating fNIRS with other sensor modalities, analysing pain-related
information in different fNIRS domains, and effectively pinpointing the site of pain.
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Abstract: The objective of this study was to make informed decisions regarding the design of
wearable electroencephalography (wearable EEG) for the detection of motor imagery movements
based on testing the critical features for the development of wearable EEG. Three datasets were
utilized to determine the optimal acquisition frequency. The brain zones implicated in motor im-
agery movement were analyzed, with the aim of improving wearable-EEG comfort and portability.
Two detection algorithms with different configurations were implemented. The detection output
was classified using a tool with various classifiers. The results were categorized into three groups
to discern differences between general hand movements and no movement; specific movements
and no movement; and specific movements and other specific movements (between five different
finger movements and no movement). Testing was conducted on the sampling frequencies, trials,
number of electrodes, algorithms, and their parameters. The preferred algorithm was determined
to be the FastICACorr algorithm with 20 components. The optimal sampling frequency is 1 kHz to
avoid adding excessive noise and to ensure efficient handling. Twenty trials are deemed sufficient
for training, and the number of electrodes will range from one to three, depending on the wearable
EEG’s ability to handle the algorithm parameters with good performance.

Keywords: design decisions; detection; EEG; imagery motion patterns; wearable

1. Introduction

Electroencephalography (EEG) is a method that records brain signals, and it is used in
many configurations and applications, such as epilepsy, sleep disorders, brain—-computer
interfaces (BClIs), and mental states.

The way to obtain these signals is through an electrode cap that covers the head and
allows the attachment of the electrodes to the scalp. There are currently many electrode
caps that are available on the market [1], the main limitations of which are their size
and weight, as these characteristics make them uncomfortable for users and, in some
cases, unportable.

These devices do not allow for complete monitoring throughout the day; thus, clinical
treatments are restricted, and the integration with actuators in a closed-loop system is not
feasible, which is why they are regularly used in hospitals and research labs for specific
tasks with limited amounts of time.

In order to avoid these limitations, wearable EEGs (WEEGs) have emerged as a solution
to lead to new treatments, diagnostics, and applications, and they are expected to improve
the patient’s quality of life and comfort with their treatment, as well as to make it possible
to register real behaviors over the course of a day. If a small device only covers the brain
zones that a doctor needs to monitor, then it could be worn for 24 h, seven days a week.
In the future, it is expected that this small device will become like a wearable band-aid
for recording signals that are useful for the diagnosis and treatment of certain diseases.
Moreover, wearable band-aids can be used not only in the hospital but also at home, during
work, or even during exercise.

Sensors 2024, 24, 4763. https:/ /doi.org/10.3390/s24154763 48 https://www.mdpi.com/journal/sensors



Sensors 2024, 24, 4763

In recent years, in addition to electrode caps, different wearable EEGs have appeared
on the market [1-4] for various applications. The BitBrain Diadem has been used to test
the user experience [5]. The B-Alert X-10 has been used to test the motivation of users
when they perform specific exercises [6]. The Emotiv Insight has been used to control some
external smart home devices [7] and the cursor of an application [8].

There are others, such as the emotive EPOC X, Muse S Headband, and Neurosity
Crown, that have been tested for emotion recognition [9] and that use emotions (in the
case of emotive EPOC X) to improve the virtual reality experience [10]. Ganglion and
Cyton + Daisy are the devices that are the most similar to the conception of wearable EEG.
They are used to study, among other things, motor imagery movements [11,12]. The issue
with these devices is that they function as EEG interfaces, meaning that they do not process
data to make decisions about the movement. It may be possible for the Ganglion to make
some decisions because it has an integrated microcontroller, but not complex decisions.
Data portability is limited to having a connection with a Bluetooth dongle.

Other wearable-EEG initiatives using minimal electrodes are focused on stress monitoring
while driving to obtain real-execution-time responses without the need for calibration [13,14];
additionally, emotional recognition has demonstrated good performance [15]. These studies
offer valuable contexts for applied processing techniques.

In line with these EEG interfaces, the most recently developed wearable EEG is the
Galea, which can measure the physiological response of the user when they are experiencing
virtual content to obtain data from the parasympathetic and sympathetic nervous systems
using more electrodes on the face around the eyes [16].

To summarize all of the technology presented, there are two recognized sides: the open-
source option, led by the OpenBCI company, and the private sphere, led by BitBrain. Both
reduce the number of device channels and select the ones related to the final configuration
desired by the user.

The four key aspects that wearable EEG must comply with are comfort, auton-
omy, portability, and wireless operation, which are determined, first, according to the
wearable-EEG size, with the number of electrodes being important for the wearer. Consid-
ering that this device is positioned on the head, if it is large, heavy, or has wires, it is useless
because of the user’s discomfort, which is why, in this work, we did not consider caps, as
they are uncomfortable and cover the head the whole time. The user could feel awkward
wearing the device outside the hospital. Moreover, they are tedious and difficult to mount
on and unmount from the head, not only because of their size but also because of the gels
needed to obtain good contact with the scalp. The amount of gel used is directly related to
the number of electrodes; thus, reducing the number of electrodes reduces the amount of
gel in contact with the head and, obviously, the size of the wearable EEG. Consequently,
working with wearable EEGs as small as can be created will reduce these inconveniences.

In addition, there are computational and memory limitations because of power con-
sumption, which means that the sampling frequency and processing algorithm need to
be carefully selected. These last two aspects involve a trade-off between the size of the
wearable EEG device and its computational capacity. The balance in this trade-off is possi-
ble because many electrodes are not needed to obtain a good performance; however, the
computational load has to be strong enough to support complex algorithms [17].

In this work, we focused on the BCIs for motor imagery movements because this type
of signal can benefit not only individuals who are mobile but also those who are not. This
is useful for people who do not have a continuous neural connection between the brain
and one or more limbs (due to spinal cord injury). After detection, the device knows the
movement that the person wants to execute; then, this information can be delivered to the
specific muscles and nerves required to initiate the intended movement as it is thought in
the brain.

Consequently, the objective of this work is to provide clarity regarding the decisions
about the number of electrodes required for the wearable EEG, considering the developed
algorithms and their complexities to address the computation problems. The ultimate goal
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is to design an optimal motor imagery acquisition device that strikes a balance between the
obtained information and usability.

Because this information is sensitive, in the future, ethics and data protection will be
carefully considered to ensure the security of users [18].

2. Materials and Methods
2.1. Datasets and Sampling Frequencies

We looked for datasets according to the following criteria: more than one record
per subject; more than one motor imagery movement; and data recorded with different
sampling frequencies.

Each dataset works with its own frequency. For this reason, in this work, three datasets
were selected. We tested different user-record sampling frequencies because this limited
the signal bandwidth and the number of samples to be processed, with higher frequencies
allowing for more samples per subject record. Hence, more information could be extracted,
and the results are more reliable. However, conversely, higher frequencies require more
data-processing resources, and, furthermore, having more information does not necessarily
produce better results.

These datasets will be explained from low to high sampling frequencies, which were
the main reason we selected them.

2.1.1. PhysioNet Dataset (PDS)

The PhysioNet database [19] contains recorded images of 109 subjects opening, clos-
ing, and relaxing their left and right fists while wearing a 64-electrode cap. There are
three records of the same task for each subject.

The sampling frequency is 160 Hz, which allows for the study of the influence of
the use of a low frequency to record the data, which implies a bandwidth of 80 Hz. The
duration is approximately two minutes per record, which means that this dataset has
160 samples per second.

2.1.2. Nature Dataset (NDS)

The Nature database contains the recorded movements of the five right-hand fingers
of 13 subjects with a sampling frequency of 1 kHz, which results in more data than in the
previous database, and 22 input channels (electrodes) [20].

In this case, the bandwidth is not 500 Hz but 100 Hz because a 0.53-100 Hz bandpass
filter was applied to these recordings. The data between the frequencies of the filter are
still sampled at 1 kHz, which implies more data than in the previous database. Specifically,
there are 1000 samples per second.

The record duration is 55 min, and each trial has an average duration of three seconds:
1 s of movement signal and 1.5-2.5 s of relaxation. Although there is only one record, it can
be split up because of its long duration.

2.1.3. Our Own Dataset (OODS)

To test higher frequencies, our own dataset was recorded using an ad hoc PCB that is
able to connect two electrodes (one in a selectable position and the reference behind the
ear) [21]. The recording time is two seconds, and the sampling frequency is 9.524 kHz; thus,
there are 9524 samples per second.

There are four movements that were recorded four times: the opening/closing of the
left/right fists. Relaxation was also recorded ten times.

2.1.4. Common Decisions in Dataset-Preprocessing Stage

Based on the assumption that every subject is different and must be treated
independently [12], for the PDS and NDS, three subjects were considered, while for
OODS, just one subject was considered. Moreover, 50/60 Hz artifacts were removed,
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and the movement signals were separated from relaxation for flexible combinations in
further analyses.

2.2. Motor Imagery Brain Zone

The brain zones, according to the electrode positions, were selected using Brodmann
areas [22]. These areas are a way of mapping the cortex and its distinguished functions.
Because we worked under the motor imagery paradigm in this study, the brain zones
implicated in the imagery movements were as follows: the primary motor cortex, which
is the main source of motor activation; the supplementary motor area (SMA), which is
involved in motor learning and planning, as well as the motor activation of the hand; and
the pre-motor cortex, which also mainly relates to motor action planning. There are other
sections of the brain that are involved with motor imagery movement, but their main
functions are not related to it: the dorsal anterior cingulate area, which is also involved in
motor action planning, and the opercular area, which is involved in the motor action of the
fingers and toes. In addition, there are the angular and occipitotemporal areas, which are
involved in visual processing and object recognition, which are important because most of
our tests need object recognition to subsequently execute the movement.

The work in [23] was used to link the Brodmann areas related to motor imagery
movement with the electrodes involved in the 10-5 electrode configuration.

For the main zones implicated in motor imagery (MIZ), the implicated electrodes are
the FC3, FC2, FC4, C5, C3, C4, and C6 electrodes. For the secondary sections, the more
relevant electrodes are the F7, F8, P7, and P8 electrodes. The dorsal anterior cingulate area
is a depth zone and does not match with any electrode. Handedness is important in the
main zone because the use of the left side of the body activates the right side of the brain
and vice versa. In contrast, the use of the right side of the body activates the left side of
the brain.

2.3. Preprocessing

The dataset signals were ready for use, and no additional filtering or preprocessing
was needed.

2.4. Detection Algorithms

The idea is to run the algorithms inside the device within the execution time, which
produces the thought-of imagery movement result in a moment (or as fast as possible).
This means that there is no server to save the data, process them, and return them with the
result. Consequently, the algorithm selection has to be conducted cautiously in terms of
its performance.

In terms of wearable EEGs, there are some limitations in the chips that must be
considered. These chips, which control the logic and process of the detection, have lim-
ited functions, a limited size, limited complexity, and a limited economic cost to satisfy
wearable-EEG demands.

The selection of the algorithms was based on these premises, which assume that they
have to be as simple and fast as possible, although, in fact, nowadays, many chips perform
well in terms of these requirements.

Two detection algorithms were selected for implementation: the Fast Independent
Component Analysis (fastlICA) algorithm and the Common Spatial Pattern (CSP) algorithm.
Both of them have been used in similar experiments [24].

Other techniques were used in combination with these algorithms. For the fastICA
algorithm, a correlation was applied for the resultant components. For the CSP algorithm,
a previous filter bank (FB) was used.

All of the developed code was implemented in MATLAB 2023.
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2.4.1. FastICACorr Algorithm

Figure 1 presents the FastICACorr algorithm process, which we use to explain the
two parts of the FastiCACorr algorithm.

Number of components (n)

S1
(left-hand movement)

(random signal)
Figure 1. FastiCACorr algorithm block representation.
FastICA Algorithm

The reason we selected the FastICA algorithm is that its use can be extended to obtain
characteristics from a signal. The FastICA algorithm can provide information about the
differences between different signals for a subsequent comparison. Moreover, its output
can be generated in a short lapse of time, and this time depends on the complexity selected
when it is implemented.

In this work, we used this algorithm to separate the brain signals into all of their
possible components because EEG signals are formed by many mixed signals.

The Independent Component Analysis (ICA) algorithm is based on the separation of
the original source signals that conform to the treated signal. In terms of EEGs, the observed
signals are the potentials presumably generated by mixing some of the underlying brain
activity components.

The “fast” property is focused on finding the maximum of the non-Gaussianity, which,
for this case, is measured via negentropy approximation.

All of the formal expressions for implementing the FastICA algorithm were based
on those in [25]. In addition, to obtain good negentropy approximation values, the three
non-quadratic functions of the reference work were implemented.

In this work, we wanted to study the performance of just one electrode as well. The
input of this algorithm is a vector formed by one-person single-imagery-movement trials
(s1 of the left-hand movement in Figure 1) with all of the electrodes to be studied in every
case. For example, for 2000 samples per trial, if there are 4 trials for one person per image of
open-hand movement for one electrode, then the vector will be 4 (trials) x 2000 (samples).
If there are two electrodes, then the vector will be 8 x 2000. This vector was compared with
a random signal (r1 in Figure 1) to avoid the influence of any other predefined signals.

In this way, the information of each electrode is added to the general information;
thus, if the electrode addition decreases the performance, then the added electrodes are not
contributing to improving the results.

The outputs of this algorithm are the “components” (from c; to c, in Figure 1, with
n as the number of components), which can be considered unique keys decoded for every
input signal that is introduced.
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Correlation

Correlation is a technique that shows a mutual connection between two variables, and,
to measure it, we used the corrcoef command in MATLAB, which outputs two matrices:
the “r” matrix, which shows the correlation coefficients, and the “p” matrix, which can be
used to assess the hypothesis on the relation between the observed phenomena, as seen
in Figure 1.

In this work, we compared the fICA input signal with every output component
obtained from the fICA. For example, if we had 20 output components (n = 20 in Figure 1),
then we calculated the correlation between the fICA input signal that generated these
components (s of Figure 1) and the 20 output components obtained (from c; to cyp). Thus,
we had 20 pairs of r-p matrices.

These matrices are symmetrical because the order for calculating the correlation was
not significant in these cases. The values on the diagonal are one because a variable always
has a perfect correlation with itself. In conclusion, one paired r—p value was used per
calculated correlation.

As the output and input are signals with many samples, this technique allows for a
reduction from a number of samples to a pair of them.

2.4.2. FB-CSSP Algorithm

Figure 2 shows the scheme of this algorithm, which is the image that we will use for
its explanation.

Stbs

S1
(left-hand movement)

fa (1xn)

fo (1xn)

(rest signal)

Figure 2. FB-CSSP algorithm block representation.
Filter Bank (FB)

A filter bank is a group of parallel filters with different frequencies and a narrow
bandwidth that allows for the separation of an input signal into many different signals
related to the input. The separation of some different signals is needed because, in this way,
the CSSPs will have more data to build a reliable output. In addition, because the filters
cover the whole frequency spectrum of each database, the algorithm generates the output
using all possible frequencies, from the lowest to the highest. In the case of Figure 2, as an
example to understand the process of this filter bank, the frequency limit is 100 Hz.

To obtain more samples to include in the CSP algorithm, a filter bank is proposed.
This filter is formed by a group of bandpass filters that start at 0.5 Hz and increase until the
database frequency limit is reached.

When selecting the bandpass filter bandwidth, we separated the frequencies into
two groups: known bands and unknown bands. The known bands are the delta (0.5-4 Hz),
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theta (4-8 Hz), alpha (8-12 Hz), beta (12-30 Hz), and gamma (30-45 Hz) bands. The
unknown bands start at 55 Hz or 65 Hz (depending on the precedence of the data) and
finish at the frequency limit.

Following the assumptions of the first uses of this algorithm [26], for the known
bands, sub-bands are generated with a width of 4 Hz. The sub-beta bands are as follows:
12-16 Hz; 16-20 Hz; 2024 Hz; 24-28 Hz; 28-32 Hz. The sub-gamma bands are as follows:
30-34 Hz; 34-38 Hz; 38-42 Hz; 42-46 Hz. The delta, theta, and alpha bands are their
own bands.

Among the unknown bands, as these frequencies are not classified, the width of the
filters is 5 Hz for compatibility with the frequency limit.

Common Spatial Signal Patterns (CSSPs)

The Common Spatial Pattern algorithm was the basis for the CSSP algorithm of this
study because it focuses on decreasing the dimension of the data using linear transfor-
mations. In this manner, a low-subspace projection matrix is created, the rows of which
conform to the weights for the included channels. Additionally, this data reduction is con-
trollable via the “m” parameter, which is the reduced-dimension parameter. The limitation
of this algorithm is that only two different types of input signals can be tested at once.

In our work, execution with just one electrode was required, which is why this
algorithm needed to be adapted. Following the basic CSP formulas in [27], in this
“Signal-Patterns” algorithm, the inputs are the output signals of the filter bank that belong
to some of the trials of one person performing one movement for every electrode included
in the test. That is, the vector has as many input signals as the number of filters generated
from the filter bank (from Sg,; to Sg,,, in Figure 2). As this algorithm also needs to compare
two signals, for testing, all of the electrode configurations were selected instead of only one
electrode. The rationale for mixing the post-filtered electrode signals in the same execu-
tion is the same as for the FastICA algorithm: to determine the influence of the included
electrodes on the result.

In the input, the comparison is between the imagery movement signals and the
rest signals.

The outputs, in this case, are two vectors with comparative features between the
two input signals. One vector (f, from Figure 2) comes from a comparison of the Sg,; and
rgp1 inputs, and the other vector (f;, from Figure 2) comes from a comparison of the rfb1 and
Sty inputs (inverted comparison). As the outputs are concrete vectors (f, (1 X n) and
fp (1 x n) in Figure 2, where n is the number of filters), a post-correlation technique to
reduce the data output is not needed in this case.

2.5. Classification Algorithms

The Classification Learner tool in MATLAB was employed to classify the results from
the detection algorithms [28], and 12 classification algorithms were tested to determine the
one with the best fit to the included data. A k-fold cross-validation of ten was used.

Moreover, a Support Vector Machine algorithm was implemented for a simple assess-
ment of the results.

The outputs generated by the classifier are the success percentage for two-class classi-
fication and the confusion matrix for more-than-two-class classification.

The performances of the classification algorithms used were not deeply explored, as
they were primarily utilized to verify the functionality of the detection algorithms, and,
moreover, they exhibited low latency. The only precondition here was to use enough data
for classification using all of the classes.

3. Results

The results of the various tests are presented below. Due to the numerous variables
involved in the experiments (types of movements, algorithm parameters, number of
electrodes, etc.), the objective was to narrow them down according to the obtained results,
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always seeking to optimize the information/low-resource ratio. All of the experiments were
performed on three subjects. Because the results were very similar, it was not necessary to
increase the number of subjects.

In the preliminary tests, the FB-CSSP algorithm showed low reliability in the specificity
of the movement results because every brain zone yielded the same result when comparing
movement with no movement. Consequently, the FastiICACorr algorithm was used to
analyze the sampling frequencies for the different databases.

The results were divided into three subsections to explore the different movement
concepts: general movement (all finger movements considered as a single category) was
compared with no movement/rest; specific movements, involving the separation of each
finger movement, were compared with no movement; and each finger movement and
no movement were compared with each other. Six categories were used: thumb, index,
middle, ring, and pinkie (movement), as well as rest (no movement).

3.1. General Movement vs. Rest

These tests were aimed at determining whether a general movement can be detected
and differentiated from no movement, involving the finger and fist movements discussed
in the Datasets and Sampling Frequencies Section.

3.1.1. FastICACorr Algorithm

The FastICACorr algorithm allows for the obtainment of varying numbers of compo-
nents, representing the output signals explained in the algorithm definition. Tests were
executed for 10 and 20 components to observe the differences in the algorithm’s perfor-
mance. The results obtained from one electrode (C4) and one subject for the three databases
are shown in Table 1, which helped to determine the database for the subsequent tests.

Table 1. Success rates for one electrode for different databases (Fast Independent Component Analysis

CORR algorithm).
DDBB (fs) 10 Components 20 Components
OODS (9.5 kHz) 84.80% 93.60%
NDS (1 kHz) 90.60% 95.10%
PDS (160 Hz) 92.00% 95.63%

The NDS was selected for all of the tests because the difference from the PDS is
assumed to be marginal, and the sampling frequency of 1 kHz offers increased flexibility
and more data to analyze. The results for both algorithm complexities are coherent: more
complexity implies a better success rate.

The initial tests were for one electrode; the C3 and C4 electrodes were used because
they are optimally positioned for motor imagery detection. Tests were conducted for 20, 50,
100, and 150 trials, each with ten components (Figure 3 and Table Al of Appendix A). The
aim was to assess the influence of the trials on the success rate.

In Figure 3, it is evident that the success rate decreased with 100 and 150 trials.
Consequently, these trial quantities were excluded from the subsequent tests.

Figure 4 shows the test results for one, two, three, and four electrodes for 10 compo-
nents (“10c”) and 20 components (“20c”) with 20 and 50 trials. The selected electrodes were
the C3, C4, P3, and P4 electrodes, maintaining proximity to the closest main zone of motor
imagery detection. The aim of these tests was to assess the impact of the FastICACorr
algorithm components on the success rate and the influence of increasing the number
of electrodes.

When comparing the number of components in Figure 4, 20 components are consid-
ered optimal in all cases because of their higher success rates. Increasing the trial number
does not consistently enhance the success rate. While there are cases in which the success
rate slightly improves with 50 trials, in other cases, it worsens. Moreover, more trials imply
higher performance demands.
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Figure 3. Success rate means of three subjects with their standard deviations as error bars for 20, 50,
100, and 150 trials for ten components of the FastiICACorr algorithm for C3 and C4 electrodes treated
independently. The positions of the electrodes on the scalp are shown.
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Figure 4. Success rate means of three subjects with error bars as standard deviations for 20 and
50 trials for one, two, three, and four electrodes. Results for ten components of the FastiICACorr
algorithm are denoted by “10c”. Results for 20 components of the FastICACorr algorithm are denoted
by “10c”. Results for 20 components of the FastICACorr algorithm are denoted by “20c”.

Consequently, 20 trials are deemed the most favorable. Therefore, 20 components
and 20 trials were established as constant values for the subsequent test cases. All of the
relevant data are available in Tables Al and A2 of Appendix A.

To identify the minimum number of electrodes needed to provide sufficient
information for achieving a good performance, nine electrodes were tested: the C3,
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Cz, C4, P3, Pz, P4, F3, Fz, and F4 electrodes. The results are illustrated in Figure 5,
alongside the outcomes for one, two, three, and four electrodes (Tables A1-A3 of
Appendix A). The first electrode was C3 (Figure 5a), as movement is imagined for the
right hand, but the influence of the movement on the right zone of the brain was also
assessed (Figure 5b).
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Figure 5. Success rates for different electrode configurations. (a) Electrode comparison for 20 trials,
20 components, and three subjects. Points reflect one (C3), two (C3, C4), three (C3, C4, P3),
four (C3, C4, P3, P4), and nine (C3, Cz, C4, P3, Pz, P4, F3, Fz, and F4) electrodes. The head-
ings below the subject lines contain the corresponding electrodes. (b) The same as (a); however, in
this case, the first electrode is C4.

Algorithm Complexity

As this algorithm incorporates a parameter that controls the number of generated
components, the time taken to obtain each component was examined. Figure 6 illus-
trates the time taken to obtain each component from 1 to 20, being irrelevant the re-
lation between the color-component. The consistent results across the different trial
groups, electrodes, and movement scenarios are indicative of the generic behavior of the
FastICACorr components.
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Figure 6. Time in seconds for each of the 20 components for 20 trials. Every color represents
one component.

Brain Zone Tests

This subsection describes the tests aimed at determining the significance of the correct
zone selection for detecting motor imagery movement. The zone has to be as small and
consolidated as possible to meet the wearable-EEG requirements.

The motor imagery zones were tested with two and three electrodes, incorporating
not only electrodes belonging to the MIZ but also those randomly selected from other scalp
zones (the far-away zones (FAZs)). Testing the FAZs reinforces the importance of the zones
and enhances the algorithm’s reliability.

Following the motor imagery brain zone, because the NDS electrode configuration
is a 10-20-electrode system, the object recognition zones (P7 and P8) were covered by the
T5 and P3 electrodes in the left hemisphere and by the T6 and P4 electrodes in the right
hemisphere. The F7 and F8 electrodes were also tested for the influence of the finger motor
execution zone in the imagery. In conclusion, the C3 and C4 electrodes were tested in
cooperation with the P3 and P4, T5 and T6, and F7 and F8 electrodes for 20 trials and
20 components (Figure 7). The graph also presents the results for the C3 and C4 electrodes
to allow for a comparison with the electrode addition.

For the FAZs, we selected the Cz and Pz electrodes. For comparison, the overall best
results across the three subjects in Figure 5 were obtained with the following groups: C3,
C4, P3; C3, C4, F7; and C3, C4, T6. The C3 and C4 electrodes were selected to compare
the electrode addition. All of the groups are shown in Figure 8 for 20 components and
20 trials.

Following the electrode analysis, tests for the other algorithms were executed.

3.1.2. FB-CSSP Algorithm

To determine the optimal algorithm for our study, tests were executed for the FB-CSSP
algorithm with one, two, and three electrodes, using 20 and 150 trials, as shown in

Table 2. These parameters facilitated a comparison with the results of similar tests us-
ing the FastICACorr algorithm.
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Figure 8. Success rates for far-away zones (FAZs) (last two blue bars) and the main motor imagery zone
(first blue, yellow, and gray bars). The electrode-filled head on the upper right reflects the positions.
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Table 2. Success rates for one (C3 and C4), two (C3 and C4 together), and three (C3, C4, and P3)
electrodes for 20 and 150 trials and three subjects for FB-CSSP algorithm.

Electrodes C3 C4 C3,C4 C3,C4,P3
Trials 20 150 20 150 20 150 20 150
Subject 1 (%) 100 100 100 100 100 100 100 100
Subject 2 (%) 100 100 100 100 100 100 100 100
Subject 3 (%) 100 100 100 100 100 100 100 100

The configurable “m” parameter (reduced-dimension parameter) was set to one for all
of the tests, as setting it to two and five resulted in decreased success rates.

Brain Zone Tests

The motor imagery zones were examined by combining the MIZ and FAZs in the tests
featuring 20 trials and two and four electrodes (Table 3).

Table 3. Success rates for two and four electrodes for far-away electrodes for FB-CSSP algorithm.

Electrodes C3,Cz, C4,F7 C4, F7
Trials 20 20
Subject 1 (%) 100 100
Subject 2(%) 99.80 100
Subject 3 (%) 100 100

3.2. Specific Movement vs. No Movement

We used specific-movement-vs.-no-movement tests to differentiate the finger move-
ments from no movement.

3.2.1. FastICACorr Algorithm

The five right-handed NDS finger movements (thumb, index, middle, ring, and pinkie)
were assessed and compared to no movement.

Success rates were obtained for one, two, three, and four electrodes with 10 and
20 components and 20 and 50 trials, as reflected in Figure 9.

3.2.2. FB-CSSP Algorithm

Tests were performed for the C3 and C4 electrodes individually for 20 and
150 trials, with the “m” parameter set to one. The results are presented in Tables 4 and 5.
The idea was to test the algorithm’s influence in the trials and the capability of detecting the
five finger movements.

Table 4. Success rates for C3 electrode for different movements for 20 and 150 trials for FB-CSSPs algorithm.

Movement vs. No Movement Thumb Index Middle Ring Pinkie

Trials 20

Subject 1 (%) 60.7 52.4 65.5 60.7 72.6

Subject 2 (%) 61.9 67.9 61.9 59.5 56

Subject 3 (%) 59.5 58.3 57.1 73.8 52.4
Trials 150

Subject 1 (%) 73.8 57.1 61.9 50 56

Subject 2 (%) 71.4 59.5 66.7 65.5 66.7

Subject 3 (%) 63.1 60.7 69 66.7 77.4
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Figure 9. Five finger movements vs. no movement. Mean success rates of three subjects with their standard
deviations as error bars are shown. (a) Ten components for 20 and 50 trials for the five groups of electrodes
selected. (b) Twenty components for 20 and 50 trials for the five groups of electrodes selected.

Table 5. Success rates for C4 electrode for different movements for 20 and 150 trials for FB-CSSPs algorithm.

Movement vs. No Movement Thumb Index Middle Ring Pinkie

Trials 20

Subject 1 (%) 70.2 64.3 71.4 50 63.1

Subject 2 (%) 57.1 619 50 50 56

Subject 3 (%) 53.6 64.3 619 54.8 58.3
Trials 150

Subject 1 (%) 64.3 51.2 54.8 50 53.60

Subject 2 (%) 75 714 63.1 65.5 56

Subject 3 (%) 58.3 58.3 69 75 774
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3.3. Specific Movement vs. Specific Movement

These tests were aimed at distinguishing a movement when all possible movements
were grouped together, including no movement.

FastICACorr Algorithm

The finger movements were compared with each other, resulting in 15 distinct compar-
isons: thumb-index; thumb-middle; thumb-ring; thumb-pinkie; index-middle; index-ring;
index—pinkie; middle-ring; middle—pinkie; ring—pinkie; rest-thumb; rest-index; rest-middle;
rest-ring; and rest—pinkie. Confusion matrices are used to present this information, as they
offer a clear and organized representation of the movement success rates, along with the
percentages indicating instances when another movement was incorrectly recognized.

The executed tests were consistent with those in the previous section. The results
for 20 components and 20 trials are shown for one, two, three, and four electrodes. For
simplicity, the confusion matrices for one subject are presented in Figure 10.
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Figure 10. Confusion matrices for specific movement vs. specific movement for 20 trials and
20 components. The movements range from thumb movement to rest. Every box shows the suc-
cess rate (in percentage) when compared one by one. Blue diagonal boxes show the proportion of times
when the movement was correctly detected. Nude pink boxes show the proportion of times that the
main movement was wrongly detected as the movement in the nude pink box. (a) C3 electrode; (b) C4
electrode; (c) C3 and C4 electrodes; (d) C3, C4, and P3 electrodes; (e) C3, C4, P3, and P4 electrodes.
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4. Discussion

The idea of developing wearable EEG comes from the need for a small device with
a band-aid size that can be used for 24 h, 7 days a week. This system will be very useful
to doctors to improve the diagnosis and treatment of some mental health conditions.
Moreover, it will collect some data that are not currently collected because of the new cases
in which these devices can be used. Furthermore, these decisions are expected to happen
within a shorter lapse of time, which is the reason for studying the algorithm performance
to fix the wearable-EEG specifications.

To explain the decisions for these wearable-EEG specifications, this section is divided
into sub-stages for clarity and organization.

4.1. Sampling Frequency

The sampling frequency is an important consideration in a system because higher fre-
quencies imply higher system performance requirements, such as computational costs and
battery consumption. The minimum operating frequency value allows for improvement
and the extension of the wearable-EEG life.

Observing Table 1, the PDS with 160 Hz is the dataset with the best results. The
second-best dataset, very close to the PDS, is the NDS with 1 kHz, and the third-best
dataset is OODS with approximately 9.5 kHz. This implies that lower frequencies improve
the results due to the lower number of samples. An excess of data could lead to noise and
misunderstandings for the algorithms, consequently reducing the success rate.

While one sample per 6.25 ms is sufficient for good results, having more samples
provides the flexibility to work on, implement, and ensure reliable algorithm results.

The difference between the best two database success rates is less than 2%, and, in line
with the points discussed above, the selected frequency was 1 kHz for the NDS.

4.2. Detection Algorithms

The FastICACorr algorithm was capable of extracting differentiable features from a
signal in all of the cases presented, making it suitable for real-world wearable-EEG scenarios.

The success rates improve when the number of obtained components increases. How-
ever, the main drawback of this algorithm is its high computational cost in terms of the
time required to obtain these components. When the computational resources are reduced,
the time required to obtain the components increases.

Observing the processing times in Figure 6, obtaining a component takes two—eight
seconds, stabilizing after the fourth component. These first four components are highly
variable, depending on the signal. For higher numbers of components, the time is constant
and quantifiable.

The numbers of trials and algorithm components were also studied, as these
two parameters directly influence the computational cost of this algorithm. In Figure 3, the
success rate evolution shows no improvement when the number of trials is more than 50.
This can be explained by the saturation of the data and the inclusion of noise when the
upper success rate limit is reached. Thus, 20 and 50 trials are preferable.

Delving into the selection of 20 or 50 trials, Figure 4 shows that although 50 trials may
seem better, the increase from 20 to 50 was not observed consistently in all subjects and all
electrodes, and in some cases, it was the opposite.

Regarding the number of components, according to Figure 4, using twenty components
is always better than using ten, and the increase in the success rate justifies the extra
performance cost that this imposes on the system.

As the performance is an important consideration for this study, and it must be
balanced with the extra cost of the algorithm components, it is preferable to have fewer
trials and more algorithm components, which is why, for the results in Figure 4, all of the
tests were executed in advance for 20 trials and 20 components.
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Longer processing times are acceptable if they are spent in the training phase of the sys-
tem. After that, the device will have been trained on every movement and non-movement;
thus, it will not take long to obtain the result for a new incoming signal.

The FB-CSSP algorithm is a low-computational-cost algorithm in terms of the time
that it takes to finish processing. There are two reasons why this algorithm is not useful
for this work. First, it is an algorithm based on a comparison of two types of signals,
and the features obtained are based on this comparison. For example, movement one
and movement two will have characteristics based on this comparison; however, if the
detection of another movement from a random signal is wanted, comparisons with all of
the different saved signals have to be performed. The second reason is that this algorithm
shows the same percentage, 100%, with every electrode on the scalp because the difference
between movement and no movement at the output is still high at every point. Moreover,
when a specific movement is trying to be recognized, the success rate is low in comparison
with that of the FastICACorr algorithm. These characteristics make the algorithm less
specific for movement differentiation. Additionally, the tree structure that it generates
with a random signal input with many possible movements produces an increase in the
time—computational costs. Nevertheless, this algorithm is useful for other applications that
fit with its characteristics.

All of these points led to the selection of the FastiICACorr algorithm as the preferable
algorithm. However, online tests in real time need to be conducted to corroborate its use
for wearable devices.

4.3. Motor Imagery Brain Zone

Primary-motor-cortex and supplementary-motor-area data from (20 trials, 20 compo-
nents) the C3 and C4 electrodes independently achieved mean success rates of 94.63% and
94.73% for general movement vs. no movement, respectively, as shown in Figure 5 and
Table A1l. When the C3 and C4 electrodes were combined with the P3 electrode, as shown
by the points for two and three electrodes in Figure 5, the success rates experienced varied
outcomes, with decreases in some cases and stability and increases in others. However, for
four electrodes, the success rates diminished, and this trend persisted for nine electrodes.
This suggests that using a single electrode is preferable, as additional electrodes do not
yield improvements. Furthermore, fewer electrodes reduce the time-computational costs of
the algorithms and allow for higher algorithmic complexity. Based on these considerations,
the decision was made to exclude four and nine electrodes from this work, opting for a
single electrode, either C3 or C4, depending on the user, and considering the different
motor imagery zones to test the performances of two and three electrodes.

The different motor imagery zones discussed in the Motor Imagery Brain Zone (MIZ)
Section of Materials and Methods were tested using the P3, P4, T5, and T6 electrodes.
Figure 7 shows that the P3 electrode had a better performance than the T5 electrode for all
the subjects when compared with the C3 electrode. However, when compared with the
C4 electrode, not all of the subjects had better P3 performance than T5 performance. The
P4 and T6 electrodes are contraries, and the T6 electrode had a better performance than the
T4 electrode with the C4 electrode in all subjects, but not with the C3 electrode.

According to the data, it seems that subject three has a left prominence while subject
one has a right prominence, and subject two has the same prominence for the two sides,
which is why these two electrodes are the main ones implicated in the motor imagery
movements. Continuing with the focus on the subjects, the same zones do not have the
same implications in the movements for the different subjects. Subject one is predominant
in F8, F7, and P3 electrodes; subject two is predominant in T6, F7, and P3 electrodes; and
subject three is predominant in P3, T6, and P4 electrodes.

The differentiation of the zones was tested using the far-away zones (FAZs) for the
Cz and Pz electrodes in Figure 6. The different prominences remain out of scope when the
C3 and C4 electrodes are involved because they unify both sides. The success rates when
using these zones have similar results to those of some MIZ combinations (Figure 7). In
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fact, some electrodes selected for the MIZ have smaller success rates than those of some
groups of FAZs. In most cases, across all tested users, the combination of two electrodes
outperformed the combination of three electrodes, resulting in the decision to discard the
use of three electrodes. When comparing one and two electrodes, the C3 and C4 electrodes
consistently exhibited the highest success rates for all three subjects. Therefore, for this
work, the use of two electrodes in combination was dismissed.

A preliminary user study is essential to determine individual preferences, and if a
user requires more than one electrode, then the optimal zones must be selected based on
specific tests.

4.4. Electrode-vs.-FastICACorr-Component Trade-Off

The success rate increases when the number of algorithm components increases. The
best performance is for one electrode and 20 components. Adding electrodes generally
decreases the success rate; consequently, the highest supported complexity for the algorithm
is justified.

The best balance in the trade-off between the electrodes and algorithm components is
20 components for the C3 or C4 electrode.

4.5. Movement Differentiation

Finger motor imagery detection is feasible with one, two, three, and four electrodes
with the C3 or C4 electrode and 20 components, yielding optimal results.

For 20 trials and ten components, the C4 electrode outperformed the C3 electrode,
while, for 50 trials, the C3 electrode surpassed the C4 electrode, on average. However,
this difference between 20 and 50 trials in the C3 electrode was not high, and for the
other electrode groups, 20 trials was best; thus, the use of 50 trials was discarded for this
movement differentiation.

Given that the C3 electrode is typically associated with the right hand, additional
training is needed for an accurate focus on specific movements. Moreover, the success rate
decreases with the inclusion of more electrodes.

For 20 trials and 20 components, the success rate was between 92% and 94% for all
electrode groups. The C4 electrode was slightly better in terms of the mean, supporting the
decision that one electrode was enough to obtain the best performance for this study.

As previously mentioned, 20 components consistently outperformed 10 components
for each electrode group, which supports the idea that the weight of the components is
more significant than the number of electrodes for the different movements.

These results also suggest that a specific movement corresponds to a specific zone
within the MIZ because specific fingers, such as the thumb and pinkie, had better results
with the C3-C4-electrode combination. The involvement of more than two electrodes that
were within the common MIZ but far from their specific zones resulted in decreased success
rates for all fingers.

4.6. Subject Independence and Requirements

Many hypotheses from [12] were reaffirmed in these experiments.

First, different subjects have different minds. Although the tasks and conditions were
the same, it is not assumable that their brains worked in the same manner, which is called
brain plasticity.

Subjects have differences in their success rates, starting with the dominant hand,
necessitating adjustments for optimal success rates. These changes are not of significant
concern because the wearable EEG will have a calibration phase to adapt to specific users.

Continuing with this hypothesis, distinct EEG signals arise from different subjects, em-
phasizing the importance of considering brain plasticity in the development of future devices.

A configurable wearable device that accommodates different subjects is crucial, ensur-
ing scalability and mobility around the brain for diverse needs and reinforcing the idea of
a comfortable and portable device for users.
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5. Conclusions

This study comprehensively analyzed two algorithms, emphasizing the importance
of making optimal design decisions for wearable EEG, considering the trade-off between
performance and resource efficiency. The design decisions were obtained from the grouping
characteristics discussed.

Regarding the sampling frequency, a system capable of obtaining data between 1 and
6.25 ms suffices for good success rates. Working within this margin depends on the device
requirements imposed, such as the computational cost and battery life.

For general movement, 20 trials are adequate for good performance rates, while
specific movements benefit from 50 trials over 20.

The FastICACorr algorithm was selected for continued testing on online cases, with
20 components selected due to the computational costs. This factor is inversely proportional
to the number of electrodes: more components require fewer electrodes, and the weight of
the components is greater than the weight of the electrodes in wearable EEG.

Depending on the requirements of the device and the user’s brain, the system will
implement one electrode, either the C3 or C4 electrode. If a specific subject requires more
electrodes, the C3 and C4 electrodes can be used together, and if additional electrodes are
needed, the P3, P4, or T6 electrodes can be added.

A wearable device with these design decisions can be implemented to improve comfort
and portability for users at any place and at any moment.

The general conclusion is that a few-electrode wearable EEG is feasible with algorithms
that generate outputs in real execution time. Consequently, a portable and comfortable
device for patients with specific requirements can be developed.
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Appendix A

Table A1. Success rates for one electrode for different trials and components for FastiCACorr algorithm.

Electrodes C3
Components 10 20
Trials 20 50 100 150 20 50
Subject 1 (%) 86.8 90.8 88.6 88.8 95.5 93.9
Subject 2 (%) 90.5 87.3 87.5 87.5 94.7 94.8
Subject 3 (%) 88.8 87.7 87.2 87 93.7 93.9
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Table A1. Cont.

Electrodes C4
Components 10 20
Trials 20 50 100 150 20 50
Subject 1 (%) 87.8 89 89.3 89.1 93.1 94.9
Subject 2 (%) 90.6 88.1 88 88.1 95.1 95.1
Subject 3 (%) 88 89 87.8 87.6 94.5 94.8

Table A2. Success rates for two, three, and four electrodes for different trials and components for

FastICACorr algorithm.
Electrodes C3,C4
Components 10 20
Trials 20 50 20 50
Subject 1 (%) 87.7% 88.7% 93.6% 93.4%
Subject 2 (%) 88% 87.3% 94.6% 94.2%
Subject 3 (%) 87.3% 88.2% 91.7% 93.5%
Electrodes C3,C4,P3
Components 10 20
Trials 20 50 20 50
Subject 1 (%) 88.8 88 93.2 93
Subject 2 (%) 89.3 86.3 94.3 94
Subject 3 (%) 87.5 87.8 929 92.8
Electrodes C3,C4,P3,P4
Components 10 20
Trials 20 50 20 50
Subject 1 (%) 87.2 87.6 929 92.8
Subject 2 (%) 89.4 86.1 93.1 93.5
Subject 3 (%) 86.8 86.9 92 92.1

Table A3. Success rates for two electrodes for different trials and components for FastiCACorr algorithm.

Electrodes C3,C4,P3,P4,F3,F4,Cz, Pz, Fz
Components 20
Trials 20
Subject 1 (%) 92.7
Subject 2 (%) 92.6
Subject 3 (%) 90.9
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Abstract: Battery power is crucial for wearable devices as it ensures continuous operation, which is
critical for real-time health monitoring and emergency alerts. One solution for long-lasting monitoring
is energy harvesting systems. Ensuring a consistent energy supply from variable sources for reliable
device performance is a major challenge. Additionally, integrating energy harvesting components
without compromising the wearability, comfort, and esthetic design of healthcare devices presents a
significant bottleneck. Here, we show that with a meticulous design using small and highly efficient
photovoltaic (PV) panels, compact thermoelectric (TEG) modules, and two ultra-low-power BQ25504
DC-DC boost converters, the battery life can increase from 9.31 h to over 18 h. The parallel connection
of boost converters at two points of the output allows both energy sources to individually achieve
maximum power point tracking (MPPT) during battery charging. We found that under specific
conditions such as facing the sun for more than two hours, the device became self-powered. Our
results demonstrate the long-term and stable performance of the sensor node with an efficiency of
96%. Given the high-power density of solar cells outdoors, a combination of PV and TEG energy can
harvest energy quickly and sufficiently from sunlight and body heat. The small form factor of the
harvesting system and the environmental conditions of particular occupations such as the oil and gas
industry make it suitable for health monitoring wearables worn on the head, face, or wrist region,
targeting outdoor workers.

Keywords: energy harvesting; hybrid; medical wearable sensor nodes; health monitoring; power
management

1. Introduction

With the global spread of the coronavirus (COVID-19) disease, the importance of the
remote monitoring of human health has been further highlighted. In this context, wearable
devices have gained additional attention in healthcare [1,2]. These devices can seamlessly
integrate into the daily lives of individuals, and through the continuous monitoring of vital
signs, serve as an effective solution for early disease detection [3]. This early diagnosis can
result in preventive measures and prompt therapeutic solutions, preventing the progression
of the disease and reducing some of the costs associated with emergency and hospital
care [4,5]. Additionally, the use of wearable devices in remote areas can enhance the
efficiency of healthcare services, quality of life (QoL), and overall well-being [6]. With
surveillance, assessment, and continuous data provision, these devices assist in the early
detection of the users” health issues, transforming into a promising approach for preventive
healthcare [7].
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Wearable technologies encompass electronic devices like smartwatches, wristbands,
and augmented reality glasses, often including various physiological /non-physiological
sensors, a data processing unit, and communication components. They can collect a diverse
range of data including heart rate (HR), blood pressure (BP), respiratory rate, blood oxygen
saturation (SpO;), body movement and physical activity, and more, by using sensors
such as photoplethysmograms (PPGs) and accelerometers; these sensors serve as valuable
tools in providing real-time health tracking data, especially for individuals dealing with
chronic illnesses such as asthma, chronic obstructive pulmonary disease (COPD), diabetes,
mobility impairments, and cardiovascular diseases, contribute to identifying movement-
related disorders such as Parkinson’s disease, and are particularly useful for individuals
dealing with Alzheimer’s disease, respectively [8,9]. In the realm of wearable technology,
the proliferation of unobtrusive, non-intrusive, and non-invasive devices signifies a key
advancement in user-centered design [10-12]. These features are particularly important in
continuous health monitoring [13,14]. There is a hindrance in the practical use of wearable
devices, stemming from issues related to battery recharging and battery life, among other
aspects such as accuracy, reliability, and clinical use [6,15-21].

With the reduction in size and power consumption of electronic circuits, integrating
data processing units, and communication components, real-time monitoring and analysis
have been enhanced, which allow healthcare professionals to remotely monitor their
patients’ progress and make informed decisions regarding their medical care [17].

Despite the above-mentioned advantages of using wearable devices and some of the
most popular and contributing sensors with the applications, these electronic devices rely
on batteries to power themselves [22]. Therefore, a primary concern in these scenarios
revolves around the necessity of a continuous power source. This dilemma has led to the
emergence of innovative solutions, particularly in the field of energy harvesting approaches
and power management systems. Energy harvesting techniques involve capturing and
utilizing environmental energy sources such as solar energy [23], thermal energy [24],
vibrations [25], kinetic energy [26], and radio frequency (RF) [27] energy to supply power
to wearable devices. Additionally, efficient power management systems optimize the use
of available energy, ensure a longer battery life, reduce the need for frequent recharging,
and store the harvested energy from the environment or the individual’s body in an energy
storage unit, which is ultimately used to power the consumer load [28].

The power density of various energy sources is provided in Table 1.

Table 1. Power densities of different energy sources [6].

Energy Sources Power Density

100 mW /cm? (direct sun)
100 uW/cm? (indoor illumination)

Ambient light

Thermoelectric 60 uW /cm?

1 uW/cm? (ambient)
15 uW (external)

1000 pW /cm? (biochemical)
Human 4 pW/cem? (biomechanical—microgenerator)
200 uW/cm? (biomechanical—piezoelectric)

Radio frequency

Accordingly, solar energy in outdoor environments has the highest power. However, in
many cases, it may not fully meet the needs due to the instability of these sources and their
temporal-spatial unavailability. To address this issue, the use of hybrid energy harvesting
systems has been introduced as an effective solution, capable of harvesting energy from
multiple sources [29]. Hybrid energy harvesting systems have the advantage of providing
a more reliable and stable power source by harnessing energy from various sources. By
integrating various energy harvesters such as photovoltaic (PV) panels, thermoelectric
generators (TEG), kinetic harvesters, RF harvesters, and more, these systems can ensure
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a continuous flow of energy, even when a single source is unavailable or not producing
sufficient power. This not only increases the overall power density, but also enhances the
system’s stability and efficiency [29].

Our contributions in this work are as follows:

e Designing a double-source hybrid PV/TEG energy harvesting system to achieve
the maximum power point tracking (MPPT) for both input sources, during battery
charging and loading, addressing 96% efficiency in energy conversion.

e  Validating the harvesting system with two DC/DC boost converters, which operate
with MPPT and can charge or supply a common battery/load simultaneously or
individually, showcasing the capability to turn into a self-powered wearable device.

e Implementing a low-cost, compact form factor, and universal harvesting system
compatible with a wide range of wearable healthcare devices in different mode of
wearability such as wrist- or head-worn systems.

The rest of this paper is organized as follows. Section 2 reviews the related work. In
Section 3, we describe the materials, methods, and study design. Section 4 presents the
experimental results. This is followed by the discussion in Section 5, and we present out
conclusions in Section 6.

2. Related Work

Several single-source and hybrid energy harvesting systems for healthcare monitoring
applications have been introduced. Yaoguang et al. [30] proposed a wearable TEG that
harvests heat from the human body. The structural architecture of the TEG device consisted
of 12 TEG modules electrically linked in series and connected in parallel via copper strips.
This wrist-worn TEG device captured body heat and generated more power while walking
compared to stationary. A requirements analysis and performance evaluation of wearable
sensors in medical applications was presented in [26], addressing the fundamental issue of
piezoelectric kinetic energy harvesting devices. In [31], a kinetic energy harvesting device
was used instead of an accelerometer to assess calorie consumption, as kinetic energy is
generated when the user expends calories through bodily movements. A wearable sensor
system for long-term health monitoring was described in [28], where the device measured
the temperature, HR, SpO,, and human body acceleration in real-time. In [32], a rotating
piezoelectric energy harvesting device was tested and developed, capable of generating a
maximum power of 7 ptW when worn on the arm during activities. Additionally, ref. [33]
described the development of a flexible piezoelectric generator designed to harvest energy
from the dynamic movement of the ear canal. In [34], a scalable triboelectric energy
harvesting system for electronic textiles was proposed to extract energy from daily human
movement. The suggested energy harvester is scalable, stretchable, and wearable. The
system’s output power is enhanced by the capacitor capacity and the mechanical input
frequency, providing guidance for practical applications. However, a drawback of this
system is its ability to power wearable electronic devices only during human movement,
with significant power losses due to high rectifier losses. In [35], a wearable sensor system
in the form of glasses was proposed. This system employs algorithms to detect and identify
chewing cycles using a piezoelectric pressure sensor placed on the temporalis muscle.
The study suggests the potential for the further miniaturization of electronic devices to
improve user comfort. Additionally, further research is needed to explore new methods
of integrating sensors such as embedding them in the handles of glasses. In [36], a novel
hybrid energy harvesting technology was presented to power wearable electronic devices.
The study developed a flexible and wearable energy harvesting device that combined solar
and RF energy. This work represents the first flexible and wearable hybrid system of solar
and RF energy harvesting that was experimentally tested on the human body. Furthermore,
to increase the reading range of active radio-frequency identification (RFID) tags and
provide a compact multifunctional structure, a hybrid solar and RF energy harvesting
system was introduced in [37]. This system includes components such as monocrystalline
solar panels, a charging circuit, a rectifier, the EM4325 chip as the receiver antenna, and
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an RFID tag. The authors in [38] proposed a flexible TEG module that is appropriate
for biomedical and wearable devices due to its high-power density on a small scale and
flexibility due to its flexible form factor. In [39], various methods were examined to utilize
the heat and mechanical energy of the human body for wearable energy harvesting. The
focus was on harvesters such as TEG, PV, piezoelectric, electromagnetic, and electrostatic
harvesters. This work included hybrid energy harvesters that hybrid the conversion of two
or more energy sources to achieve the maximum power density.

Typically, in hybrid energy harvesting systems, Schottky diodes such as the 1IN5817
are used to combine input sources, but they suffer from high power losses and voltage
drops. This technique, known as “OR-ing”, can be applied either before or after the voltage
conversion stage. Applying this technique before the voltage conversion stage allows
for the use of a single voltage converter for both sources. However, it creates a parallel
structure of energy sources and requires the sources to have the same internal impedance.
As a result, the load is supplied by the energy source with the higher voltage until the
other source surpasses it. Therefore, at any given time, only one energy source can be
utilized [28,40,41].

To overcome this drawback, we present a hybrid energy harvesting system designed
to power a wide range of wearable medical healthcare sensors including those worn on the
head and wrist. The primary objective of this system is to design and implement a compact
and efficient double-source energy harvester that simultaneously utilizes solar and body
heat sources, thereby extending the battery and system lifespan. This energy harvester relies
on compact PV panel and TEG modules. The collected energy is stored in a 3.7 V, 300 mAh
lithium battery, facilitating system charging. Additionally, two ultra-low-power DC/DC
boost converters are employed to efficiently manage and convert the generated power from
the PV and TEG sources. These converters ensure that the harvested energy is effectively
converted to the voltage and current levels required for the system load, optimizing the
use of available energy and increasing the overall battery life. Furthermore, the use of
diminutive PV panel and TEG modules contributes to a streamlined and lightweight design,
making it well-suited for various wearable applications.

3. Materials and Methods

The design and implementation of the hardware harvesting system and health-related
sensors and components include a PV panel, TEG module, lithium battery, and two
BQ25504 (Texas Instruments, Dallas, TX, USA) ultra-low-power DC/DC boost convert-
ers, MAX30102 (Analog Devices, Norwood, MA, USA), and MPU6050 (TDK InvenSense,
San Jose, CA, USA).

We considered two ultra-low-power DC/DC boost converters for the PV and TEG
sources, with identical configurations for battery settings. The ultra-low-power DC/DC
boost converter controls the output voltage of the PV panel and TEG module. The low-
power IC BQ25504 is the basis for this converter and the proposed structure, accepting a
maximum absolute input and output voltage range from —0.3 V to 5.5 V.

3.1. Health-Related Sensors

PPG is a non-invasive technique used to estimate vital signs such as HR, SPO,, and BP.
The MAX30102 sensor provides a convenient and efficient solution for real-time monitoring.
It comes in a compact form factor, has low power consumption initialization, a wide range
of voltage support, and supporting inter-integrated circuit (12C) protocol [42—44]. This
sensor consumes 6 mA in measurement mode and 2.7 mA in its sleep mode. The MAX30102
chip has compact dimensions of 5.6 mm x 3.3 mm X 1.55 mm.

Another common example of sensors used in wearable technologies for health mon-
itoring is the accelerometer. This can measure physical activity by detecting changes in
acceleration. By using the gyroscope and accelerometer present in MPU6050, rotation along
all three axes, static acceleration due to gravity, and dynamic acceleration due to motion
can be measured. The current consumption is 4.8 mA when active.
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3.2. Proposed Hybrid Energy Harvesting System, and Hardware Specification

The proposed block diagrams of the hybrid energy harvesting system are shown in
Figure 1a,b. The system includes a PV panel for solar energy harvesting, a TEG module
for body thermal energy capture, and two DC/DC boost converters. These converters are
independent at their input terminals to connect and boost one of the input DC voltages
of the PV panel and TEG module. In the later stage, they become parallel at their two
output terminals to connect a battery storage and microcontroller unit (NodeMCU Board
(Espressif Systems, Shanghai, China)) as a load.

Hybrid Energy Harvester ‘Wearable Medical Sensor System
I H

TEG Module

DC/DC

! Microcontroller 1
Unit

Boost
Converter

() (b)

Figure 1. (a) The block diagram of the hybrid energy harvesting system; (b) proposed development
of the hybrid energy harvesting system.

3.2.1. Solar Panel

We chose solar cells, model KXOB25-05X3F (x10) from IXYS (Milpitas, CA, USA),
each with dimensions of 23 mm x 8§ mm X 1.8 mm and a maximum power of 30.7 mW
under standard conditions: temperature of 25 °C and 1000 W/m? irradiance. This PV panel
consisted of a series and parallel connection of these ten cells with an area of 1840 mm?,
every two cells were connected in series, and ultimately, five strings were connected in
parallel. This model has a 25% power conversion efficiency. The electrical characteristics of
this cell are given in Table 2. All values were measured at the standard condition: 1 sun
(=100 mW/cm?), Air Mass 1.5, 25 °C.

Table 2. KXOB25-05X3F electrical characteristics.

Symbol Cell Parameter Typical Ratings
Voc Open circuit voltage 207V
Isc Short circuit current 19.5 mA
Vinpp Voltage at MPP 1.67V
Impp Current at MPP 18.4 mA
Pmpp Maximum peak power 30.7 mW
Solar cell efficiency 25%

3.2.2. TEG Module

We used the IMC06-126-03 TEG (RMT Ltd, Moscow, Russia) module with dimensions
of 16 mm x 16 mm and a thickness of 1.4 mm. The energy harvested from TEG depends on
the performance parameters of the TEG module, the TEG module’s cross-sectional area, and
the material’s Seebeck coefficient. In the temperature range of the human body, which is the
hot side, the cross-section of the TEG modules must be increased to increase the generated
power. Increasing the number of TEG modules effectively improves the cross-sectional
area that contributes to power generation, allowing for larger power outputs. Connecting
TEG modules in series is a useful solution. Four TEG modules chained in series formed the
total area of 1024 mm?. The polarity of the TEG depends on the direction of the cold and
hot sides. These TEGs were used to harvest energy from the body heat. The performance
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parameters are provided in Table 3 for the TEG cold side in dry air at 27 °C. During the
experiments, measurements, and estimations in this work, we only considered the first
column information as validation.

Table 3. IMC06-126-03TEG performance data.

Values at Hot Side Temperature

Symbol Parameter

35°C 55°C 85°C

Teold Cold side temperature, (°C) 27 27 27
Opty Optimum efficiency, (%) 0.40 1.36 2.71

Popr Optimum power, (mW) 20 233 964
Vort Optimum voltage, (V) 0.244 0.868 1.825
Voc Open circuit voltage, (V) 0.43 1.51 3.18
Isc Short circuit current, (A) 0.19 0.63 1.24

3.2.3. DC/DC Converter and Power Management Unit

The DC voltage produced by PV/TEG energy harvesters is typically low. DC/DC
power converters such as boost converters were used in the power management circuit
to increase the voltage to the required level. We identified and compared the influencing
characteristics of several ICs from different companies such as Texas Instruments (TT),
STMicroelectronics, Analog Devices, and E-peas on their relevance to the PV and TEG
input sources (see Figure 2) [42—49].

Comparison of commercial energy harvesters IC

25
B Vin,min in V
B Vinmax in V
20
Cold-Start in V
Quiescent Current in uA
1
5 B Minimum cold-start input power in uW
10
5
0

AEM10941 AEM20940 ADP5091/92 BQ25504 BQ25570 SPV1050 LTC3106 LTC3105

Figure 2. Comparison of several examples of commercial energy harvesting ICs used for PV/TEG
energy sources.

A low quiescent current is crucial for maintaining efficiency in low-energy harvesting
systems. According to Figure 2, BQ25504 and BQ25570 (Texas Instruments, Dallas, TX, USA)
as well as AEM10941 and AEM20940 (E-peas, Mont-Saint-Guibert, Belgium) exhibited low
quiescent current consumption, with BQ25504 being the most efficient. In comparison,
ADP5091/92, LTC3105/06 (Analog Devices, Norwood, MA, USA), and SPV1050 (STMi-
croelectronics, Geneva, Switzerland) had a medium to high quiescent current. Taking into
account other factors such as low prices and availability, we selected BQ25504.

3.2.4. Energy Storage Unit

The harvested energy was stored in a rechargeable lithium battery with dimensions
of 40 mm X 11 mm x 4 mm, capacity of 300 mAh, and a nominal voltage of 3.7 V, which
reaches 4.2 V when fully charged.
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3.3. Proposed Multi-Port Energy Harvesting Circuit

The details of the proposed multi-port energy harvesting power circuit are shown in
Figure 3.

'
‘

'

[ ko
! ]
| Accelerometer !
i Sensor

Figure 3. The proposed multi-port energy harvesting system.

Both the Vpar and Vsror pins of both converters were connected to each other (output
parallel). As a result, a single battery terminal and a single load terminal were achieved
by these common pins to integrate the system input battery and output load. The battery
overvoltage (OV) and undervoltage (UV) configurations of both boost converters were
designed to be the same (see Figure 4). Therefore, each power source operates with the
MPPT and can charge/supply a common battery/load simultaneously or individually.
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Figure 4. Circuit schematic of the BQ25504 ultra-low-power DC/DC boost converter.

4. Experimental Results

The proposed sensor node included one MAX30102 sensor and one MPU6050 with two
operating modes: active mode, in which MAX30102 was activated for 10 S at a sampling
rate of 200 Hz, and sleep mode for 180 S. The MPU6050 module worked continuously
with a sampling rate of 50 Hz. We tested and measured the battery lifetime of the sensor
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node under the condition that the energy harvesting system was disconnected. The total
operation time of the node was (T). Therefore, in the active mode, the current consumption
of the node was measured as: Ion = 36 mA for a period of Ton = 10 S. Furthermore, in
sleep mode, we recorded the current consumption of Isjeep = 32 mA during Tsjeep = 180 S.
Thus, the average current consumption was Iave = 32.21 mA.

With the node’s operating voltage of 3.3 V, the power and energy were 106.29 mW
and 382.6 Joules, respectively. As a result, with the battery capacity of 300 mAh, the total
battery lifetime (Tpar) was calculated as 300 mAh/32.21 mA =9.31 h.

To calculate the energy produced by the PV panel (Epy), we considered three environ-
mental conditions in which a subject/user wore the sensor node and worked comfortably.

e  Sunny day facing the sun;
e  Sunny day back to the sun;
e  Shady or cloudy conditions.

We performed the experiments for 10, 60, and 120 min (see Table 4).

Table 4. PV panel testing conditions on a sunny day and measured energy.

Sunny Day: Facing the Sun Sunny Day: Back to the Sun Shadow
Test Conditions

10 min 1h 2h 10 min 1h 2h 10 min 1h 2h

Vpy inV 2.92 291 2.94 2.8 2.7 2.8 2.09 2.38 2.18

Ipy in mA 71.2 63.4 80.1 51.7 48.5 50 53 9 4.7
Ppy in mW 207.9 184.5 235.5 144.76 131 140 11.07 21.42 10.246

Vgarr in V 3.75 3.96 3.96 3.83 3.81 4.04 3.93 3.87 3.81
Liyrage inmA ! 32.21 33.21 33.21 33.26 34.15 3221 28.21 32.21 28.21

! [(Istor-0N X Tactive-Sensor) + (ISTOR-OFF X Tsieep-sensor)]/T-

Assume that a worker in the oil, gas, or petrochemical industry is engaged in outdoor
activities for 4 h in direct sunlight: 2 h with their back to the sun, and 2 h in shaded
conditions. The average power of the PV panel in direct sunlight is 235.5 mW, when this
person is engaged in activities with their back to the sun, it is 140 mW; and in shaded
conditions, the power is 10.25 mW. Therefore, the Epy can be calculated using Equation (1),
which equals 4472.88 joules.

Epy = Ppy x t
Epy = [(294V x 80.1 mA x 4h) + (2.8 V x 50 mA x 2 h) 1)
+(2.18 V x 4.7 mA x 2 h)| x 3600 S = 4472.88 Joules

The battery has a capacity of 300 mAh, and the maximum voltage is 4.2 V. Therefore,
using Equation (2), the battery has a stored energy of 1260 joules, where Cgar is the battery
capacity and Vpar is the battery voltage.

EgaT = CBAT X VBAT @)
EpaT = 300 mAh x 4.2 V = 1260 mWh

The estimated charging time (Tcpy) of the battery by the PV energy harvester is
measured as:
Tcn = Epat/Epy 3)
Tcp = 1260/4472.88 = 0.28 day = 6.72 h

In the same manner, the output energy of the TEG module is measured as follows:
Etec = PreG X trEG 4)

In a scenario where the output power of the TEG module (Ptrg) is considered as
82.2 mW for a period of 8 h, the generated TEG energy at a temperature difference (AT)
of 8 °C (AT = Tpot — Teold =35 °C — 27 °C = 8 °C) can be calculated as Etpg = 2367 joules.
Table 5 shows the details of the TEG module test conditions.
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Table 5. Details of the TEG module testing conditions in temperature difference AT = Ty, — Teold =
35°C—-27°C=8°C.

Indoor
Test Conditions .
10 min 1h
VTEG inV 0.96 0.96
ITpg in mA 82.2 82.2
Prgpg in mW 78.912 78.912
VBATT inV 3.93 3.92
Lavrage in mA 1 3221 33.21
Skin temperature 35 35
Environment temperature 27 27

! [(Istor-oN X Tactive-Sensor) + (ISTOR-OFF X Tsleep-sensor)]/T.

4.1. The Results of the Hybrid Enerqy Harvesting System

The conversion efficiency of the PV panel harvester was calculated at the maximum
measured input power of 1840 mW. This amount was 1000 W/m? of sunlight intensity, and
according to the measured PV panel area of 0.01840 m?, the maximum peak power output
at the standard conditions was 307 mW, and the conversion efficiency was 16.68%. The

system energy harvesting prototype is shown in Figure 5, when it is worn on the human
body.

Figure 5. Hardware implementation of the prototype energy harvesting system on glasses as a
wearable device, which are worn on the human body.

We also evaluated the PV and TEG energy harvesting system under various resistive
loads. Each step is explained below.

4.1.1. First Experimental Stage: Wearable Sensor Node

Figure 6 shows the maximum measured power of the PV energy harvester at different
hours on 27 and 28 August 2023, respectively (for further details, see Table 4). The mea-
surements were taken under various conditions: a sunny day facing the sun, a sunny day
with the back to the sun, and a shadow day where Prpg = 0. According to this compari-
son, negative battery power indicates that the battery is charging, while positive battery
power indicates that the battery is discharging, meaning that power consumption is being
supplied from the battery.
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Figure 6. Exchange of PV/TEG power, battery, and wearable sensor node power in different weather
conditions.

We estimated the losses of the BQ25504 sensor according to the input and output
power and then calculated the efficiency as follows:

Pin = Pyoss + Pour 5)
. Pour = Pstor
P, >0 —
_ Pour _ if Ppar {PIN = Ppy + Prgg + |P g7l 6)
PiN . Poutr = Pstor + |Pgarl
if Ppar <0 = Piny = Ppy + Preg

The maximum conversion efficiency on a sunny day facing the sun () was 85%, where
1 is the ratio of output power to input power. The PV energy harvester charges the battery
and provides a current for the sensor node. On a sunny day with the back to the sun, the
PV panel alone supports the total power required for the sensor node, effectively turning it
into a self-powered system without the battery (see Table 4). The maximum conversion
efficiency in this scenario was 80%.

According to Figure 6, the PV panel could not fully meet the sensor node’s power
consumption in shadow conditions. Therefore, the battery acted as a backup, supplying
the additional power required by the sensor node.

Figure 6 also shows the TEG module test conditions at a temperature difference of
8 °C, with Ppy = 0. In this scenario, the battery supplemented the system load alongside
the TEG module. The maximum conversion efficiency of the TEG module (1) was 82%.

4.1.2. Second Experimental Stage: PV Energy Harvesting System under the Various
Resistive Loads

Figure 7 illustrates the values of the PV input power, battery power, and output power
under various resistive loads on a sunny day. It also shows the person entering into the
shade for a few minutes under specific conditions and then returning to the sunlight.

100 Power demand at different loads
300
200
100

Power in mW

-100

-200

48 56 68 122 180 200 330 560 No Load
RLin Q

Figure 7. The power demand of the PV energy harvesting system under the various resistive loads.
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According to the diagram, in the no-load state, the energy harvested from the PV
panel is stored in the battery. As the resistive load values are varied from 31 mW to 312
mW, the battery is charged at five points, achieving an efficiency of 83%. At other points,
due to the high load demand, the battery discharges, resulting in an efficiency of 87%,
as the system’s power consumption is supplemented by the battery. Figure 8 shows the
efficiency and power losses of the PV energy harvesting system under various resistive
loads on sunny days and specifically in shadow conditions.

Efficiency and P, at different loads
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Figure 8. Efficiency and power losses of the PV energy harvesting system under various resistive
loads.

4.1.3. Third Experimental Stage: TEG Energy Harvesting System under the Various
Resistive Loads

Figure 9 illustrates the TEG input power, battery power, and output power under
various resistive loads at a temperature difference of 8 °C. At three points, the battery is
also being charged in addition to the load being supplied by the TEG modules. Figure 10
shows the efficiency and power losses of the TEG energy harvesting system under various
resistive loads at a temperature difference of 8 °C.
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Figure 9. The power demand of the TEG energy harvesting system under the various resistive loads.
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Figure 10. Efficiency and power losses of the TEG energy harvesting system under various resistive
loads.

4.1.4. Fourth Experimental Stage: Hybrid Energy Harvesting

Figure 11 shows the contribution of hybrid energy harvesting sources under shade
conditions and a temperature difference of 8 °C to supply a wearable sensor node and a
34 mW load. The battery was charged in addition to supplying the load, achieving a system
efficiency of 92%. Furthermore, the system efficiency with the wearable sensor node was
95%.

Hybrid energy harvesting
120

mPPV

u PBATT
80 || mPSTOR
PTEG

100
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40

20

Power in mW

RL in 34 mW wearable sesnsor node
Figure 11. The contribution of hybrid energy harvesting resources in supplying the output load in

shadow conditions.

Figure 12 compares the hybrid energy harvesting system under partly cloudy condi-
tions and a temperature difference of 8 °C. According to this diagram, MPPT was achieved
in the hybrid structure of both energy harvesting sources.
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Figure 12. Power contribution of the hybrid energy harvesting system for wearable sensor node.

Figure 13 shows the efficiency and Pjygs of the system and TEG module at a tempera-
ture difference of 8 °C, and the hybrid energy harvesting system under shadow conditions
with a temperature difference of 8 °C. In the shadow condition, the battery provided most
of the output power, resulting in high system efficiency. In the hybrid energy harvesting
system, the system efficiency was 96%, with the battery providing only a small portion of
the consumed power.
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Figure 13. Energy harvesting system efficiency and Pj;.

5. Discussion and Comparison

We designed and developed a hybrid double-source energy harvesting system to
support wearable devices for health monitoring in the head, face, and wrist regions, focus-
ing on long-term continuous measurement. We primarily targeted individuals engaged
in outdoor activities such as workers in the oil and gas industry. Given the high-power
density of solar cells outdoors, a hybrid of PV and TEG energy was utilized to harvest
energy quickly and sufficiently from sunlight and body heat. Since body heat is an inherent
part of the human body, TEG can provide a useful energy source for the wearable device
when sunlight is not available or when a person is indoors, considering the temperature
difference of the available energy source. This improves the temporal-spatial stability and
reliability of the harvesting system.

The system harvests input powers from PV and TEG sources simultaneously, utilizing
two BQ25504 low-power DC/DC boost converters to supply the load and charge the
battery. By eliminating Schottky diodes with high power losses and voltage drops, and
only harvesting energy from the source with the higher voltage at any given moment, this
structure can enhance the system’s performance. Additionally, the PV panel and TEG
modules support small form factor and high efficiency, which are essential in providing the
ease of use, user experience, and unobtrusiveness of wearable devices.
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Table 6 shows the comparison of the proposed hybrid energy harvesting system with
the related previous works [28,30,50,51]. In any wearable device, the total dimension and
form factor play pivotal roles in the user experience, useability, and practicability that lead
to unobtrusiveness. Thus, careful circuit design and component selection are vital due
to the limited space. Considering these points, we tried to reduce the overall area of the
PV and TEG energy harvesting system, which was much lower compared to other works.
Consequently, this can facilitate further wearing wearable devices by users and drive them
toward the wear-and-forget. Although our careful design and component selection resulted
in shrinking the size of the PV panel and TEG module, this reduction in dimensions did
not decrease the output power of the PV panel and TEG module. The harvesting sources
could achieve an appropriate output power from the solar sources and body heat, which
can support powering the sensors and wearable devices and store excess harvested energy
in batteries—in the ideal condition. The power consumption of the systems depends on
various factors including the types of sensors. The other influencing factor in assessing the
total energy consumption is the MCU/embedded system. For example, low-power MCUs
such as nRF52840 (Nordic Semiconductor, Trondheim, Norway), MSP430FR5969 (Texas In-
struments, Dallas, TX, USA), ADuCM302/ADuCM305 (Analog Devices, Wilmington, MA,
USA), and STM32L4 (STMicroelectronics, Geneva, Switzerland) can extended the battery
life. However, due to our focus on the energy harvesting system itself and its suitability
for integration in wearable devices, along with considerations of the cost and availability,
we used the NodeMCU microcontroller. Although this microcontroller has higher power
consumption compared to other low-power options, the total energy consumption was
not prioritized. This choice does not reflect the actual efficiency of the system, as it could
simply be impacted by the microcontroller’s higher power demands.

When harvesting energy from multiple sources, some kind of OR-ing structure is
needed. This can be carried out before or after the voltage conversion step [40,41]. While
using the first structure has the advantage of using a single voltage converter for both
sources, it limits the power sources to having the same internal impedance, and only
one source can be used at a time. Therefore, using two BQ25504 ultra-low power boost
converters with the same configuration, we made it possible to achieve simultaneous
energy harvesting from input sources and separate the MPPT for each source, which did
not require an additional diode in the output part, and reduced the power loss.

Although the continuous measurement of physiological and non-physiological param-
eters is of concern to all groups of occupations and health, however, some of the targeting
group could take priority due to several reasons such as safety and harsh environmental
conditions that expose them to more frequent risks. Those in the oil and gas industry are
such workers, and the continuous monitoring would provide them with several advantages.
For instance, it is known for its hazardous working conditions including exposure to toxic
chemicals, high-pressure equipment, extreme temperatures, and physically demanding
tasks. Wearable health monitors can help identify potential health risks and provide real-
time alerts in case of emergencies, enhancing worker safety. Furthermore, fatigue is a major
concern in the industry—not only in oil and gas, but long working hours can also lead to
decreased alertness and cognitive function. Wearable devices can track sleep patterns and
activity levels to help employers and workers manage fatigue effectively, reducing the risk
of accidents. Additionally, wearable devices can continuously monitor vital signs like HR,
body temperature, and respiratory rate. This enables the early detection of health problems
such as heat stress or cardiac issues, allowing for timely intervention and the prevention of
more serious health events. Monitoring the health of workers in the oil and gas industry
through wearables is crucial for enhancing safety, preventing accidents, complying with
regulations, and improving overall worker well-being and productivity.
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Table 6. Comparison of the current work with some previous studies.

Ener Sensors Ener Area of Power of Mode of Enerev Man- Circuit
Ref. Sour%Z Debloyed Storag}é Harvester Harvester Device ace I?lZnt IC MCU Unit Techniques for
ploy 8 (mm?) (mW) Wearability 8 Hybrid
Panel =307 Two Energy
This PV, PPG, Battery, Panel = 1840, TEG = ;8 5 a,t Glasses, BQ25504 NodeMCU harvesting from
work TEG Accelerometer 300 mAh TEG = 1024 T Wrist-worn boost ESP8266 both sources,
(AT=8°C) ) .
converters without diode
Temperature, . _ Panel = 207, LTC3105
[28] TI;VG’ Pulse oximeter, SupeSr(c)ang acitor, Iz;gél:f 6302(()) 4 TEG =50 at Wrist-worn boost A"l;’rzrgega— Power OR-ing.
Accelerometer B (AT =20°C) converter P
TEG =0.023 LTC3108
[30] TEG Powering a LED N/A TEG =559 at (AT = Wrist-worn boost N/A _
10 °C) converter
iioerid BQ25570 Atmel
[50] PV N/A . 40,000 820 N/A buck-boost ATMEGA328P- _
supercapacitor, converter AU
4F
BQ25570
Nano-power buck-boost Energy
(51] L4/ Topomare, Batteryd0  Panel=3sp,  [RELSRE converter - \1opj30pR59g9 arvesting from
TEG p 4 mAh TEG = 560 T and LTC3108 both sources,
Analog (AT =16°C) - .
. boost with diode
microphone

converter

Therefore, considering the condition in which our proposed system was worn by
outdoor workers exposed to sunlight for two hours (in the actual situation of workers in
the oil and gas industry, this period is longer), the energy consumption of the wearable
sensor node was turned into a self-powered system. In this situation, surplus energy was
also stored in the battery for times when energy harvesting sources were not available.
However, one of our main limitations was in evaluating the system in real conditions in the
workplace, particularly in the oil and gas industry. Additionally, convincing individuals to
wear these glasses during work poses a challenge. The application of this system can be
considered not only for workers in the oil and gas industry, but also for other individuals
such as mountaineers and those interested in health monitoring.

Wearable electronics, despite their negligible individual power consumption, signif-
icantly impact the global energy usage due to their sheer numbers. In 2022, 1.1 billion
wearable healthcare devices, consuming an average of 656 mW each (including hub con-
sumption), accounted for 727 MW of power and 1942 tons of CO, emissions, necessitating
11.34 million conifer trees to offset. Given their exponential growth, it is crucial to de-
sign more energy-efficient wearables. Implementing power harvesting techniques could
mitigate their environmental footprint and reduce the burden on the energy sector [52].

In future work, it is possible to expand energy harvesting input sources and provide a
multi-input hybrid structure (e.g., body motion energy or RF ambient energy). Furthermore,
integrating health monitoring sensors such as those for checking the blood glucose levels
of individuals with diabetes, skin temperature for detecting fever, and more. Additionally,
the use of flexible components, which bring a lot of comfort to wearable devices, can be
explored.

6. Conclusions

One of the main challenges in the continuous and unobtrusive measurement of health-
related parameters by wearable biomedical sensors is the battery’s capacity and form factor.
Energy harvesting techniques (single/multisource) are widely used to extend the lifetime
of wearable nodes. We designed and implemented an efficient hybrid PV/TEG energy
harvesting system in a compact, low-cost form factor that is compatible with wearables
worn on the face, head, and wrist. This system prolongs measurement and supports the
continuous monitoring of physiological parameters.

Our meticulous design and component selection resulted in a smaller PV panel and
TEG module without reducing their output power. The PV panel conversion efficiency of
our proposed system was 16.68%, significantly higher than the previously reported 4.79%.
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At the core of the system, we utilized two BQ25504 DC/DC boost converters, both active
and employed simultaneously. Unlike previous studies using the OR-ing structure, our
design allowed each power source to operate with MPPT, charging/supplying a common
battery/load simultaneously or individually.

Experimental results demonstrated the feasibility of the overall design, doubling the
sensor system’s battery lifetime to 18 h. The efficiency of the hybrid energy harvesting
system was 96%, enabling the system to become self-powered under direct sunlight for two
hours. Our results indicate that the system could be further extended for use in outdoor
occupations.
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Abstract: Running is the basis of many sports and has highly beneficial effects on health. To increase
the understanding of running, DSPro® insoles were developed to collect running parameters during
tasks. However, no validation has been carried out for running gait analysis. The aims of this
study were to assess the test—retest reliability and criterion validity of running gait parameters from
DSPro® insoles compared to a motion-capture system. Equipped with DSPro® insoles, a running
gait analysis was performed on 30 healthy participants during overground and treadmill running
using a motion-capture system. Using an intraclass correlation coefficient (ICC), the criterion validity
and test—retest reliability of spatiotemporal parameters were calculated. The test-retest reliability
shows moderate to excellent ICC values (ICC > 0.50) except for propulsion time during overground
running at a fast speed with the motion-capture system. The criterion validity highlights a validation
of running parameters regardless of speeds (ICC > 0.70). This present study validates the good
criterion validity and test-retest reliability of DSPro® insoles for measuring spatiotemporal running
gait parameters. Without the constraints of a 3D motion-capture system, such insoles seem to be
helpful and relevant for improving the care management of active patients or following running
performance in sports contexts.

Keywords: running gait analysis; insole; validation; repeatability; 3D motion analysis; running

1. Introduction

Running is among the most popular physical activities, and it is the basis of many
sports or leisure activities. The practice of running, outside or on a treadmill, has greatly
increased in recent years [1] with high health benefits [2,3]. To evaluate its effects and
improve performance [4,5], analyzing running patterns is increasingly performed. Tra-
ditionally, rating scales and subjective observations are used for this analysis, but these
approaches are less sensitive to performance changes in training or injury [6,7].

To provide objective, reliable, and reproducible outcomes, running gait analysis can
be performed using 3D motion capture [8]. This non-invasive motion system is considered
to be a gold standard for walking and running gait analysis [9-11] and helps to measure
locomotion in depth through spatiotemporal, kinematic, and kinetic parameters. However,
the principal disadvantages of this system are its long operation time, dedicated space
requirements, technical expertise requirements, and high costs, preventing an assessment
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of running in an ecological context [9]. Significant progress has been made with the
development of markerless systems and smartphone apps for performing gait analysis in
clinical and sports contexts [12-14]. They have the advantage of reducing data collection
and processing time [13]. However, these systems have limitations, including limited
capture volume (based on the number of cameras) or partial accuracy (e.g., joint angle
estimation) [12,13].

To overcome these 3D gait recording limitations, wearable devices are increasingly ac-
cepted and used by runners and clinicians [15-17]. Wearable systems (Inertial Measurement
Unit—IMU) are based on a combination of accelerometers, gyroscopes, and magnetometers,
allowing the description of normal or pathological human locomotion in a wide variety of
environments [18]. In running gait analysis, IMUs help to measure running gait parameters,
notably spatiotemporal parameters, and quantify running performance [19,20]. Despite
their good feasibility and performance, there are major remaining technical disadvan-
tages, such as sensor attachment errors, external signal noise, signal filtering errors, and
integration drift [18].

To record foot movements and orientations, IMUs can be fixed on or under the foot.
In particular, DSPro® insoles, developed by DigitSole SAS, have the advantage of being
able to collect data during different tasks. For instance, this device has been validated for
walking gait analysis compared to 3D motion analysis [21]. Recent studies of this device
have highlighted good repeatability in the measurement of walking gait parameters such as
cadence, walking speed, and stride length [21-23]. However, the validation of the extracted
parameters during running is a prerequisite for extending their use in this activity.

For this reason, the aim of this present study was to evaluate the test-retest relia-
bility and criterion validity (i.e., the extent to which scores for volunteers who have not
changed are the same for repeated measurements over time and the degree to which the
scores of Patient-Reported Outcome Measures (PROMs) are an adequate reflection of a
“gold standard”, respectively [24]), of the running parameters measured using embedded
insoles in comparison to those obtained from the gold-standard system, i.e., a motion
analysis system.

2. Materials and Methods
2.1. Population

A monocentric study was performed from October 2021 to February 2022 and included
30 healthy participants [21] who provided informed oral consent. The local institutional
ethics committee and the French National Agency for Drug Safety approved and authorized
the study protocol. The Clinical Trial registration reference is NCT05104645.

2.2. Procedure and Materials

The procedure and materials used in this study were described by Riglet et al. [21].
Briefly, the experiments were carried out at the INSERM U1093 laboratory (Dijon University,
France). Each participant participated in two visits, with the second visit occurring seven
days after the first. Motion analysis was carried out using Nexus software (Vicon System®,
Oxford, UK, 2.12.1 version), and the volunteers were equipped with the Conventional Gait
Model (version 2.5) markers set [25,26]. One marker was added at the extremity of the shoe,
near the hallux. The 3D position of each marker was tracked with 18 optoelectronic cameras
(11 VERO and 7 MX-T10 cameras, Vicon System®, Oxford, UK; 100 Hz). Two force plates
(AMTI®, Watertown, MA, USA; 1000 Hz) were embedded in the floor to record ground
reaction forces. The volume of interest was approximately 10 m x 2 m x 2.5 m, with
an error threshold set to 0.5 mm in accordance with manufacturer data. Additionally,
each participant wore identical shoes (Ekiden One, Kalenji®, Villeneuve d’Ascq, France)
fitted with DSPro® insoles (Zhortech® algorithms, DigitSole SAS, Nancy, France, 104 Hz)
(Figure 1). A sensor integrating accelerometers, gyroscopes and magnetometers was fixed
onto the proximal part of each insole, allowing the calculation of linear accelerations and
angular velocities in three dimensions.
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Figure 1. DSPro® insole device.

Participation involved two running conditions (overground and treadmill running)
at two different speeds. Participants were asked to run on a 10-m walkway at a self-
selected speed (comfortable) and then at a fast speed. These running overground tasks
were performed at least five back-and-forth runs for each speed. In the second condition,
participants were asked to run on a treadmill at a self-selected speed (comfortable speed
obtained after a 2-min familiarization trial), then at a fast speed (adding 2 km/h to the
comfortable speed).

2.3. Data Analysis

The synchronization between the two systems (IMUs and motion capture) was syn-
chronized using an analog button to trigger the beginning of each running trial. For each
participant, a minimum of 5 trials for running overground and 1 trial of 2 min for treadmill
running were collected (for comfortable and fast speed).

For motion capture, lower limb markers and ground reaction forces were post-
processed following the method described in Riglet et al. [21]. Briefly, gait events (heel
strike and toe off) were computed using the position of the foot velocity algorithm by
O’Connor et al. [25]. The maximum vertical foot velocity corresponds to the toe off and the
minimum to heel strike. Then, two other gait parameters were computed: flat foot in (FFI)
and flat foot out (FFO), corresponding, respectively, to the sample in which the toe touches
the ground after the heel strike and to the sample in which the heel takes off the ground
after heel strike (please see Riglet et al. [21] for more details). For insoles, these events were
also extracted (Zhortech properties). A comparison of the initial heel strike of each gait cy-
cle between motion capture and insoles was performed and considered to be synchronized
if the difference was less than 0.35 s. Custom-made scripts with Python (3.9) and Matlab
(MathWorks®, Natick, MA, USA, R2023a) were used to perform all post-processing.

Regardless of running conditions, the parameters of interest were speed, stride ca-
dence, flight time, stance time, stride time, swing time, stride length, stride height, and
plantar flexion angle foot in. For overground running, loading time, propulsion time,
impact force, and leg stiffness were also measured based on force plate data. Without an
instrumented treadmill, these parameters were not measured for treadmill conditions. The
definition of running parameters measured with motion capture is detailed in Table S1
(definition of parameters measured with insoles are not available: property of Zhortech
company).

2.4. Statistical Analysis

Based on the comparison of each running parameter measured during two sessions,
test-retest reliability was estimated. As suggested by Koo & Li [26], estimation was
performed using intraclass correlation (ICC) and its 95% confidence interval (CI) based on
a mean-rating, absolute agreement, 2-way mixed-effects model. For motion capture and
insoles, ICC and p-value (p) were computed between the two sessions for each running
condition. Additionally, absolute and relative errors between sessions were computed,
and a comparison between motion capture and insoles was performed using a Student’s
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t-test. Based on the standard error of measurement (SEM) and the standard deviation (SD),
minimal detectable change (MDC) was also computed for each variable and condition [27]
and was defined as follows:

MDC = 1.96.SEM.v/2 with SEM = SDv/1 — ICC.

Based on the comparison of each running parameter measured by motion capture and
insoles, criterion validity was estimated. As suggested by Koo & Li [26], estimation was
performed using intraclass correlation based on a mean-rating, consistency, 2-way mixed-
effects model (regardless of the session and gait side (right and left) for both systems).
Additionally, a Lin concordance coefficient (CCC) and Bland—-Altman analysis were also
carried out. Based on Bland-Altman plots, limits of agreement (LoA) were calculated and
defined as the mean difference between two measurements & 1.96 SD of the difference.

ICC values were classified into four categories: poor (lower than 0.5), moderate (be-
tween 0.5 and 0.75), good (between 0.75 and 0.9), and excellent (higher than 0.9) [26]. Using
the Bonferroni correction, the threshold of significance was fixed at p < 0.004 (0.05 divided
by the number of variables (13)). CCC values were considered to be excellent when the
coefficient was higher than 0.8 [28]. All statistical analyses were performed using Matlab
(MathWorks®, R2023a).

3. Results
3.1. Population Characteristics

The population was composed of 14 females and 16 males. Female population char-
acteristics were age 27.6 £ 5.2 years, height 165.2 £ 5.3 cm, body mass 61.0 & 9.2 kg and

shoe size 39.2 &+ 1.8. Male population characteristics were age 28.2 & 6.1 years, height
180.3 £ 5.3 cm, body mass 74.4 & 8.6 kg and shoe size 43.4 = 1.5.

3.2. Running Gait Cycle

For overground running, 2896 gait cycles were recorded (comfortable speed: 1640 cycles
and fast speed: 1256 cycles). For treadmill running, 18,945 gait cycles were recorded (com-
fortable: 9317 cycles and fast: 9628 cycles).

3.3. Test—Retest Reliability

For overground running, the mean and standard deviation of each parameter, ICC
values, and MDC are presented in Table 1 for motion capture and Table 2 for insoles.

Table 1. Mean, standard deviation, ICC values (with 95% CI), and minimal detectable change (MDC)
of running parameters were measured using a motion-capture system for overground conditions.
Significant results are indicated as follows: * = p < 0.001, * = p < 0.004.

OVERGROUND RUNNING—MOTION CAPTURE

Comfortable Speed Fast Speed
Mean + SD ICC[95% CI] MDC Mean + SD ICC [95% CI] MDC
Session 1 Session 2 Session 1 Session 2

Speed (m/s) 275+ 044 2.87 +0.34 0.549 [0.238; 0.761] * 0.73 4.14 +0.61 4.17 £ 0.55 0.776 [0.581; 0.887] * 0.75
Stride Cadence (step/min) 79.89 £+ 3.12 80.16 + 3.07 0.850 [0.705; 0.928] * 3.29 87.81 + 6.10 87.87 +5.19 0.720 [0.489; 0.857] * 8.23
Flight Time (s) 0.20 £ 0.06 0.22 £ 0.06 0.837 [0.637; 0.926] * 0.07 0.26 £+ 0.04 0.26 £ 0.04 0.912 [0.824; 0.957] * 0.04
Stance Time (s) 0.28 £ 0.03 0.27 £ 0.03 0.723 [0.454; 0.866] * 0.04 0.21 £ 0.02 0.21 £ 0.02 0.746 [0.531; 0.871] * 0.03
Stride Time (s) 0.75 £ 0.03 0.75 £ 0.03 0.847 [0.699; 0.926] * 0.03 0.68 £+ 0.05 0.68 + 0.04 0.704 [0.463; 0.848] * 0.07
Swing Time (s) 0.48 + 0.04 0.48 + 0.04 0.903 [0.784; 0.956] * 0.03 0.47 + 0.04 0.47 +0.04 0.839 [0.688; 0.920] * 0.04
Loading Time (s) 0.13 +0.01 0.13 +0.01 0.757 [0.539; 0.881] * 0.02 0.11 +0.01 0.11 +0.02 0.620 [0.316; 0.809] * 0.02
Propulsion Time (s) 0.15 +0.02 0.14 + 0.02 0.524 [0.164; 0.756] * 0.04 0.11 + 0.02 0.10 + 0.02 0.499 [0.152; 0.738] 0.04
Stride Length (m) 2.08 £ 0.33 217 £0.29 0.657 [0.385; 0.825] * 0.51 2.85 £+ 0.38 2.87 £ 0.35 0.904 [0.809; 0.953] * 0.31
Stride Height (m) 0.30 £+ 0.09 0.33 £ 0.08 0.725 [0.473; 0.865] * 0.12 0.49 £+ 0.11 0.50 £ 0.11 0.881 [0.766; 0.942] * 0.11
Plantar Flexion Foot In (°) 15.16 + 4.60 15.43 £+ 3.98 0.863 [0.726; 0.934] * 4.38 15.71 + 4.88 15.37 +4.48 0.646 [0.376; 0.815] * 7.67
Impact Force (kN) 1.60 £ 0.31 1.63 £ 0.30 0.963 [0.909; 0.984] * 0.16 1.78 £0.32 1.78 £ 0.30 0.961 [0.914; 0.982] * 0.17
Leg Stiffness (kN/m) 9.87 £ 2.04 9.96 + 1.82 0.952 [0.898; 0.978] * 1.17 10.14 +£2.23 10.35 +£2.34 0.717 [0.469; 0.862] * 3.38
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Table 2. Mean, standard deviation, ICC values (with 95% CI), and minimal detectable change (MDC)
of running parameters were measured using insoles for overground conditions. Significant results
are indicated as follows: * = p <0.001, * = p < 0.004.

OVERGROUND RUNNING—INSOLES

Comfortable Speed Fast Speed
Mean + SD 1CC [95% CI MDC Mean + SD 1CC [95% CI MDC
Session 1 Session 2 Session 1 Session 2
Speed (m/s) 276041  288+033  0514[0.192;0738]* 073 3.98 £ 0.50 402042 0.687[0439;0.838]* 071
Stride Cadence (step/min) ~ 79.83+3.08 8031287  0745[0.524;0.873]* 414  90.02+674 9027641  0.662[0399;0824]* 1051
Flight Time (s) 021+£006  022+£005  0859[0.694;0935]* 0.6 0.25 £ 0.04 0254004  0928[0.8550965]*  0.03
Stance Time (s) 0274003  027+003  0758[0.512;0.884]*  0.04 021 +0.02 021+002  0718[0.485;0.855]*  0.03
Stride Time (s) 075+008  075+003  0745[0.5250.873]*  0.04 0.67 = 0.05 0.67£005  0.685[0.434;0.837]*  0.07
Swing Time (s) 048003  048+003  0883[0.764;0944]*  0.03 0.46 = 0.04 046£004  0798[0.617;0.898]*  0.05
Loading Time (s) 012002  012+001  0645[0.362;0.820]*  0.02 0.10 £ 0.01 0.09+£001  0.677[0402;0.840]*  0.02
Propulsion Time (s) 015+£002  015+£002  0655[0.379;0.825]*  0.03 0.12 £ 0.01 012+£001  0531[0.190;0.758]*  0.02
Stride Length (m) 2074029  216+026  0628[0.341;0.808]* 047 2.66 = 0.25 267022 0.844[0.700;0.922]* 025
Stride Height (m) 027+010  030+009  0700[0.451;0.848]*  0.14 0.46 £0.11 046012  0887[0.776;0944]* 0.1
Plantar Flexion FootIn (°) 2159 +£4.75 2197464  0885[0.770;0945]* 437  2117+529 2063487  0612[0.328;0794]*  8.72
Impact Force (kN) 146£029  146+026  0935[0.863;0970]* 027 1.69 £ 0.32 169 £030  0958[0.909;0981]*  0.17
Leg Stiffness (kN/m) 1000£215  974+180  0749[0524;0.876]* 274  1014+£199  1055+211  0.672[0.396;0.838]*  3.24
For motion capture, ICC values were considered excellent for swing time, impact
force, and leg stiffness at a comfortable speed and for flight time, stride length, and impact
force at a fast speed. Speed, stance time, propulsion time, stride length, and stride height
at comfortable speed had a moderate ICC value. The ICC values for the other parameters
were considered to be good. Concerning fast speed, the ICC values for speed, swing
time, and stride height were good. A lower ICC value was found for propulsion time
(ICC =0.499, p = 0.004). The other parameters had moderate ICC values.
For insole devices, ICC values were considered excellent for impact force and leg
stiffness at a comfortable speed and for flight time, impact force, and leg stiffness at a fast
speed. For comfortable speed, the following parameters had ICC values higher than 0.75:
flight time, stance time, swing time, and flexion angle foot in. Fast speed, swing time,
stride length, and stride height also had ICC values higher than 0.75. Regardless of speed
conditions, the other parameters had moderate ICC values.
Concerning treadmill running, the mean and standard deviation of each parameter,
ICC values, and MDC are presented in Table 3 for motion capture and Table 4 for insoles.
For motion capture, parameters were significantly correlated between sessions with good
to excellent ICC values (0.853 to 0.999, p < 0.001). For insole devices, parameters were
significantly correlated between sessions with good to excellent ICC values (0.875 to 0.995,
p < 0.001) regardless of speed.
Table 3. Mean, standard deviation, ICC values (with 95% CI), and minimal detectable change (MDC)
of running parameters measured using a motion-capture system for treadmill conditions. Significant
results are indicated as follows: * = p < 0.001.
TREADMILL RUNNING—MOTION CAPTURE
Comfortable Speed Fast Speed
Mean =+ SD ICC [95% CI] MDC Mean + SD ICC [95% CI] MDC
Session 1 Session 2 Session 1 Session 2
Speed (m/s) 2354031 2354+032  0.999[0.997;0999]* 0.3 2.88 +0.32 288032 0.997[0.994;0.999]*  0.05
Stride Cadence (step/min) ~ 78.64+4.31  7953+3.86  0877[0.726;0943]* 397  8128+397  8140+413  0919[0.837,0961]* 3.7
Flight Time (s) 014+006  013+007  0954[0.9050978]*  0.04 0.20 £ 0.05 019+006  0924[0.848;0963]*  0.04
Stance Time (s) 032004  031+004  0950[0.899;0976]*  0.02 0.27 £ 0.03 027003  0948[0.8950975]*  0.02
Stride Time (s) 077 £004 076004  0884[0.734;0947]*  0.04 0.74 £ 0.04 074+004  0934[0.867,0968]*  0.03
Swing Time (s) 045+£004 044004  0927[0.822;0968]*  0.03 0.47 £ 0.04 047+£004  0920[0.840;0961]*  0.03
Stride Length (m) 1694020  167+021  0982[0957,0992]* 0.8 1.98 +0.20 1984021  0985[0.970;0993]*  0.07
Stride Height (m) 026+006  026+006  0928[0.8550965]*  0.04 0.35 £ 0.07 034+008  0914[0.828;0958]*  0.06
Plantar Flexion FootIn (°)  13.39+£3.39  1328+322  0853[0.7150927]* 348 1367403  1409+3.83  0886[0.777,0944]*  3.64
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Table 4. Mean, standard deviation, ICC values (with 95% CI), and minimal detectable change
(MDC) of running parameters measured using insoles for treadmill conditions. Significant results are
indicated as follows: * = p < 0.001.

TREADMILL RUNNING—INSOLES

Comfortable Speed Fast Speed
Mean + SD ICC [95% CI] MDC Mean + SD ICC [95% CI] MDC
Session 1 Session 2 Session 1 Session 2
Speed (m/s) 2364030 2354030  0.995[0.989;0.998] *  0.06 2.86 % 0.30 2864031 0.990[0.979;0.995]*  0.08
Stride Cadence (step/min) ~ 78.66 £431 7956 £385  0875[0.7250942]* 399  §126+3.97  8137+412  0919[0.837,0961]*  3.17
Flight Time (s) 0174005  016+006  0906[0.814;0954]*  0.05 021 +0.05 0214006  0903[0.807;0952]*  0.05
Stance Time (s) 030+£004  030+£004  0897[0.796;0949]* 0.3 0.26 & 0.02 0274003  0931[0.861;0967]*  0.02
Stride Time (s) 0774004  076+004  0883[0.736;0946]*  0.04 0.74 4 0.04 0744004  0935[0.867,0968]* 0.3
Swing Time (s) 046+004  045+004  0881[0.760;0942]*  0.04 0.48 + 0.04 048+£004  0907[0.815;0955]*  0.04
Stride Length (m) 1.80£021 178022  0983[0.948;0993]* 0.8 2114021 211+£022  0985[0.969;0.993]* 007
Stride Height (m) 0234007  023+007  0920[0.841;0961]*  0.05 0.34 = 0.08 0334009  0910[0.821;0956]*  0.07
Plantar Flexion FootIn (°) 1953 +3.80  19.05+396  0.888[0.779;0945]* 357 1917446 19294447  0922[0.843;0962]* 342
The absolute and relative error between the two sessions of each parameter extracted
with motion capture and with insoles are presented in Tables S2 and S3. No significant
difference was found, except for stride height during treadmill running (fast condition,
p = 0.002).
3.4. Criterion Validity
Mean, standard deviation, and ICC values for running parameters are presented in
Table 5 for the overground and Table 6 for the treadmill. Additionally, Bland-Altman plots
for running parameters are presented in Figure 2 for the overground and Figure 3 for the
treadmill. CCC values and plots are presented in Table S4 and Figures S1 and S2.
Table 5. Mean, standard deviation, and ICC values (with 95% CI) of running parameters for over-
ground conditions. Significant results are indicated as follows: * = p < 0.001.
OVERGROUND RUNNING
Comfortable Speed Fast Speed
Mean + SD ICC [95% CI] Mean + SD ICC [95% CI]
Motion Capture Insoles Motion Capture Insoles
Speed (m/s) 2.81 +0.34 2.81 +0.32 0.987 [0.972; 0.994] * 4154055 4.00 + 0.42 0.948 [0.894; 0.975] *
Stride Cadence (step/min) 79.96 + 3.07 79.94 + 2.85 0.968 [0.934; 0.985] * 87.89 + 5.23 90.21 599 0.908 [0.816; 0.955] *
Flight Time (s) 0.20 % 0.06 021+ 0.05 0.965 [0.928; 0.983] * 0.26 + 0.04 0.25 + 0.04 0.940 [0.878; 0.971] *
Stance Time (s) 0.27 +0.03 0.27 + 0.03 0.971 [0.940; 0.986] * 0.21 + 0.02 0.21 +0.02 0.953 [0.903; 0.977] *
Stride Time (s) 0.75 4 0.03 0.75 £ 0.03 0.977 [0.952; 0.989] * 0.68 & 0.04 0.67 & 0.04 0.950 [0.898; 0.976] *
Swing Time (s) 0.48 + 0.04 0.48 +0.03 0.952[0.902; 0.977] * 0.47 £ 0.04 0.46 % 0.04 0.918 [0.836; 0.960] *
Loading Time (s) 0.13 £ 0.01 0.12 £ 0.01 0.858 [0.723; 0.930] * 0.11 +0.01 0.09 £ 0.01 0.811 [0.640; 0.905] *
Propulsion Time (s) 0.15 £ 0.02 0.15  0.02 0.910 [0.821; 0.956] * 0.10 + 0.02 0.12 £ 0.01 0.760 [0.555; 0.878] *
Stride Length (m) 2124027 211+024 0.979 [0.956; 0.990] * 2.86 +0.35 2.66 + 0.22 0.849 [0.707; 0.925] *
Stride Height (m) 0.31 4 0.08 0.28 £ 0.09 0.974[0.947; 0.988] * 0.49 £0.11 0.46 £ 0.1 0.967 [0.932; 0.984] *
Plantar Flexion Foot In (°) 1553 + 4.04 21.98 + 4.36 0.922[0.842; 0.962] * 1547 +4.21 20.85 + 4.53 0.891 [0.784; 0.947] *
Impact Force (kN) 1.62 £ 0.30 147 £027 0.973 [0.944; 0.987] * 1.78 + 031 1.70 £ 0.30 0.957 [0.912; 0.979] *
Leg Stiffness (kN/m) 9.87 + 1.86 9.81+1.79 0.917 [0.833; 0.960] * 1040 + 2.28 1047 £1.91 0.729 [0.504; 0.861] *

Concerning intraclass correlation, ICC values from 0.729 to 0.987 (p < 0.001) were

found for all parameters in overground running (comfortable and fast speed). For fast
speed, leg stiffness had a moderate intraclass correlation (ICC < 0.75, p < 0.001). The other
parameters showed good and excellent intraclass correlations (ICC > 0.75, p < 0.001). For
treadmill running, ICC values from 0.899 to 0.999 (p < 0.001) were found for all parameters
(comfortable and fast speed).
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Table 6. Mean, standard deviation, and ICC values (with 95% CI) of running parameters for treadmill
conditions. Significant results are indicated as follows: * = p < 0.001.

TREADMILL RUNNING
Comfortable Speed Fast Speed
Mean + SD ICC[95% CI] Mean + SD ICC [95% CI]
Motion Capture Insoles Motion Capture Insoles
Speed (m/s) 2.35+0.32 2.36 +0.30 0.996 [0.991; 0.998] * 2.88 +0.32 2.86 +0.30 0.986 [0.971; 0.993] *
Stride Cadence (step/min) 79.10 £ 3.98 79.12 4 3.98 0.999 [0.999; 0.999] * 81.35 4 3.97 81.32 +3.96 0.999 [0.999; 0.999] *
Flight Time (s) 0.13 £ 0.07 0.16 £ 0.06 0.915 [0.830; 0.959] * 0.19 £ 0.05 0.21 £ 0.05 0.948 [0.894; 0.975] *
Stance Time (s) 0.31 £0.04 0.30 £ 0.04 0.948 [0.893; 0.975] * 0.27 £ 0.02 0.26 £ 0.03 0.940 [0.878; 0.971] *
Stride Time (s) 0.76 £ 0.04 0.76 £ 0.04 0.999 [0.999; 0.999] * 0.74 +0.04 0.74 £ 0.04 0.999 [0.999; 0.999] *
Swing Time (s) 0.45 £+ 0.04 0.46 £+ 0.04 0.962 [0.923; 0.982] * 0.47 £+ 0.04 0.48 £+ 0.04 0.977 [0.952; 0.989] *
Stride Length (m) 1.68 £ 0.20 1.79 £0.22 0.994 [0.987; 0.997] * 1.98 £0.21 211+022 0.990 [0.979; 0.995] *
Stride Height (m) 0.26 & 0.06 0.23 £+ 0.06 0.981 [0.961; 0.991] * 0.35 £ 0.07 0.33 £ 0.08 0.981 [0.961; 0.991] *
Plantar Flexion Foot In (°) 13.33 £+ 3.18 19.29 £3.77 0.899 [0.799; 0.951] * 13.88 & 3.82 19.23 £ 4.37 0.919 [0.836; 0.960] *

Speed (m/s)

'
N
N

Difference Mocap/Insoles
o
V)

-0.02

-0.04

Difference Mocap/Insoles

Mean

Stride length (m)

Difference Mocap/Insoles

Mean

Difference Mocap/Insoles

6 8

12 14 16
Mean

Run - Overground

Stride cadence (step/min)

(=

-0.05

Flight time (s)

""""""""""""""" 0.02
o o
0
-0.02
-0.04 Loz bbbl
70 80 90 100 110 0.1 0.2 0.3
Mean Mean
Swing time (s) Loading time (s)
0.01 g
:. L]
[ e b -1
° ®e o¥ .o- .
-0.01 . LAY 3 o
¥ (1Y
_________ _a..___,.._______,
-0.02 e,
L]
B ]
..

Stride height (m)

Mean

0.06 0.08 0.1 0.120.140.16

Mean

Plantar flexion angle foot in (°)
10

Comf

Mean Comf
+1.96SD Comf
Fast

Mean Fast
+1.96SD Fast

Stance time (s)

0.01

-0.01

Mean

0.15 0.2 0.25 0.3 0.35

Propulsion time (s)

0.03 L)
o't.
0.02 D
______ e
0.01 e
DX A »’
0f yeaa T
* LK N
-0.01 e
0.1 0.14 0.18
Mean

-0.2 .

Figure 2. Bland—-Altman plot for all running parameters during fast (black points) and comfortable

(red points) overground running. Solid line = mean, dashed line = +1.96 SD.
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Figure 3. Bland—-Altman plot for all running parameters during fast (black points) and comfortable

(red points) treadmill running. Solid line = mean, dashed line = £1.96 SD.

Concerning Lin concordance coefficient, CCC values were considered excellent (higher
than 0.8) for all parameters except for plantar flexion foot during all speeds in overground
and during treadmill running (CCC = [0.358-0.500]) as well as loading time (CCC = 0.467),
propulsion time (CCC = 0.453) and stride length (CCC = 0.690) for fast speed during

overground running.

Based on Bland—Altman plots, the following temporal parameters were found to have
a mean bias close to zero seconds: flight time, stride time, stance time, swing time, loading
time, and propulsion time. The following spatial parameters also have a mean bias close
to zero: speed, stride cadence, stride length, and stride height. These spatial parameters
also showed an increase in error heterogeneity with speed. The mean bias for plantar
flexion angle foot was close to 6°. During overground running, the mean bias for dynamic
parameters (impact force and leg stiffness) was close to —0.1 kN and 0 kIN/m. Moreover,
LoA was found to be lower than 15% of mean values for all parameters except plantar
flexion foot in (20.5% and 25.2%, respectively, for comfortable and fast speed) and leg
stiffness (27.9% for fast speed) for overground running. For treadmill running, flight time
had an LoA of 26.6% for comfortable speed and 18.2% for fast speed. Plantar flexion foot in
had an LoA of 20.6% for comfortable speed and 21.8% for fast speed.

4. Discussion

The aim of the present study was to evaluate the test-retest reliability and criterion
validity of running parameters measured using embedded insoles in comparison to the
values obtained from the gold standard motion-capture system. Based on the motion
capture of 30 participants during overground and treadmill running, the present results
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highlight the relevance of DSPro® insoles in a sports context. Furthermore, the evaluation of
two distinct speeds for both overground and treadmill running introduced a novel dataset,
enhancing the precision and comprehensiveness of the validation process for these insoles.

Test—retest reliability was measured to quantify the degree of agreement of parameters
for treadmill and overground running. For overground running, ICC values varied between
moderate and excellent reliability. The moderate ICC values were explained by the high
variability in running between two specific sessions overground because, unlike treadmill
running, participants could choose their speed during the second session, thus modifying
the gait parameters. However, the results obtained for insoles and motion capture on the
treadmill highlight good to excellent reliability due to the identical speed setting between
the two sessions. Nevertheless, propulsion time for motion capture shows a moderate and
poor ICC value for comfortable and fast speed, respectively. Only a few previous studies
have examined the reliability of measurements derived from IMUs during running [29],
but our results are comparable to previous research, regardless of the conditions. For
example, Deflandre et al. [30] reported good to excellent reliability for stance time and
step frequency with a portable accelerometer during treadmill running. Using textile
socks incorporating IMU, Mason et al. [31] also highlighted good to excellent test-retest
agreement for stride and swing time during treadmill running and moderate to good
during overground running. Additionally, the good results of this present study were
reinforced by the absence of significant differences in absolute and relative errors between
the two sessions (except for stride height during treadmill running in the fast condition),
and all these values were lower than the MDC.

For criterion validity, good results were obtained with the ICC analysis. Spatiotem-
poral parameter measurements had good to excellent agreement between insoles and the
motion-capture system regardless of speed (except for leg stiffness at fast speed). Ad-
ditionally, these results were observed for treadmill conditions with ICC values higher
than 0.80 for all parameters. The good reliability of DSPro® is consistent with other val-
idation studies of IMU against a 3D motion analysis system during a running task. For
instance, Uno et al. [32] found excellent relative validity (ICC > 0.900) for stride length,
stride duration, stride frequency, stride speed, vertical height, stance phase duration, swing
phase duration, and sagittal angle. Brahms et al. [33] found an ICC value of 0.955 for
stride length during running. Moreover, in a recent meta-analysis, Horsley et al. [34]
reported similar ICC values for stance phase time (ICC = 0.81-0.97), swing phase time
(ICC =0.56-0.81), stride duration (ICC = 0.55-0.99), stride frequency (ICC = 0.96-0.99),
stride length (ICC = 0.75-0.99), and flight time (ICC = 0.81-0.86). Additionally, CCC values
were in accordance with ICC values except for loading time (fast speed—overground
running), propulsion time (fast speed—overground running), and plantar flexion foot in
(comfortable and fast speed—overground and treadmill running). Differences between
these two coefficients could be linked to deviations of the point cloud from the identity line.
Finally, the Bland—Altman plots show that there is low heterogeneity in the measurement
bias, with a mean bias close to 0 for spatiotemporal parameters, impact force, and leg
stiffness in overground and treadmill conditions. Moreover, a bias of 6° was observed for
the plantar flexion angle foot in but not influenced by the speed of running, and a bias
of about 20 cm was observed for stride length during fast speed. Additionally, a linear
error was observed for speed, stride cadence, stride time, propulsion time, and stride
length during overground running. All these biases/errors could be partially explained by
the hardware calibration and the algorithm used (fusion filters and calculation method)
between motion capture and embedded IMU insoles. Additionally, LoA were not negligible
but seem satisfactory with values lower than 15% compared to the mean. However, due to
LoA higher than 20%, plantar flexion foot in was only partially validated for all conditions,
flight time for treadmill condition, and leg stiffness for overground running at fast speed.
However, these variables had moderate to excellent ICC values.

Furthermore, this study validates the use of IMU embedded insoles during over-
ground and treadmill running and, since running was performed in different conditions
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and at different speeds, indicates that it is a clinically relevant means of assessing gait per-
formance. IMUs are low-cost systems and could easily be used to follow different running
parameters for professionals or individuals. Additionally, considering the limitations of
motion capture (dedicated space requirements, technical expertise requirements, and high
costs) [9], running analysis could be easily performed only with insoles in a clinical context.

This study has some limitations. First, running experiments were conducted in a labo-
ratory, which can modify kinematics and temporal variables compared to outdoor running.
Many studies have highlighted the importance of measuring running outside of the labora-
tory in natural training and /or competition environments [35]. Moreover, the treadmill is
the most common system used to evaluate and quantify running gait [17]. This approach
has the advantage of providing a standardized and reproducible environment. However,
treadmill running only partially reflects natural running behavior, and there are differences
in kinematic and kinetic patterns compared to overground running [15,17,36]. Additionally,
without an instrumented treadmill and due to the lack of international consensus definition,
the loading time parameter was not measured for this condition. However, depending
on the attack of the foot during treadmill running, there is a potential for considerable
variability, and comparison with data from insoles seems difficult. Additionally, a choice
has been made not to estimate leg stiffness and impact force with literature models (e.g.,
presented by Morin et al. [37]) in order to validate insoles with real measurements. Second,
experiments involved young (mean 27.6 & 5.2 years) and healthy participants. Showing
good accuracy for this population, these results could be modified for older or injured
populations. Further investigations are warranted in patients with locomotor disabilities
(e.g., with a higher risk of falls) to confirm these good psychometric properties of the insoles
in care settings (neurologic rehabilitation, orthopedic surgery, etc.).

5. Conclusions

To conclude, by comparing running parameters measured with insoles and a motion-
capture system, this present study confirms the good accuracy and repeatability of DSPro®
insoles for most running parameters. Although a few parameters, such as plantar flexion
foot in, flight time, and leg stiffness, were only partially validated under specific conditions,
this wearable device seems to be a useful tool to improve the understanding of running
performance. These insoles are a relevant way to overcome the constraints of the motion-
capture system, and they have the potential to improve patient care and enhance the
analysis of running performance in a sports context.

Supplementary Materials: The following supporting information can be downloaded at:
https:/ /www.mdpi.com/article/10.3390/s24165435/s1, Table S1: Calculation of running parameters
for motion-capture system; Table S2: Comparison of absolute and relative error between the two ses-
sions of each parameter extracted with motion capture and with insoles for overground running;
Table S3: Comparison of absolute and relative error between the two sessions of each parameter
extracted with motion capture and with insoles for treadmill running; Table S4: Comparison between
intraclass and concordance correlation coefficient for overground and treadmill running; Figure S1:
Lin’s concordance correlation plot for all running parameters during fast and comfortable overground
running; Figure S2: Lin’s concordance correlation plot for all running parameters during fast and
comfortable treadmill running. References [38—42] are cited in Supplementary Materials.
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Abstract: Falls represent a significant risk factor, necessitating accurate classification methods. This
study aims to identify the optimal placement of wearable sensors—specifically accelerometers, gyro-
scopes, and magnetometers—for effective fall-direction classification. Although previous research
identified optimal sensor locations for distinguishing falls from non-falls, limited attention has been
given to the classification of fall direction across different body regions. This study assesses inertial
measurement unit (IMU) sensors placed at 12 distinct body locations to determine the most effective
positions for capturing fall-related data. The research was conducted in three phases: first, comparing
classifiers across all sensor locations to identify the most effective; second, evaluating performance
differences between sensors placed on the left and right sides of the body; and third, exploring the
efficacy of combining sensors from the upper and lower body regions. Statistical analyses of the
results for the most effective classifier model demonstrate that the support vector machine (SVM) is
more effective than other classifiers across all sensor locations, with statistically significant differences
in performance. At the same time, the comparison between the left and right sensor locations shows
no significant performance differences within the same anatomical areas. Regarding optimal sensor
placement, the findings indicate that sensors positioned on the pelvis and upper legs in the lower
body, as well as on the shoulder and head in the upper body, were the most effective results for
accurate fall-direction classification. The study concludes that the optimal sensor configuration for
fall-direction classification involves strategically combining sensors placed on the pelvis, upper legs,
and lower legs.

Keywords: falls; optimal sensor; fall direction; classification; machine learning; feature extraction;
IMU sensors; daily life activity; optimal sensor; sensor location

1. Introduction

Falls are a major public health concern, ranking as the second leading cause of injuries
and accidental death globally. They can lead to severe physical and emotional repercussions,
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including impairment, loss of autonomy, post-fall syndrome, depression, reduced activity
levels, and possibly early mortality [1]. Wearable sensor systems significantly enhance the
well-being of patients and older adults by assessing fall risk, detecting falls, and monitoring
other health-related factors [2]. These systems typically place sensors on body areas like
the waist, chest, and thighs to track daily activities, estimate energy expenditure, aid
rehabilitation, and monitor heart activity [3,4].

The accuracy and efficiency of classification or detection systems are significantly
influenced by sensor placement on the body. Previous studies have primarily focused on
identifying optimal sensor locations for distinguishing between fall events and non-fall
activities or activities of daily living (ADLs). Our study builds upon this by specifically
classifying fall directions, including forward fall, backward fall, and sideways fall, in
addition to non-fall activities such as sitting, standing, walking, and transitions between
sitting and standing. While the waist is often recommended as an optimal location for fall
detection due to its proximity to the body’s center of mass, placement on the arms and legs
is generally discouraged. This is because higher acceleration in these areas can impair the
performance of detection systems, as noted in previous research [5].

Optimal performance varies by location, with several studies suggesting the waist,
chest, thigh, or right pocket as effective sites for fall detection and classification [6-11].
Notably, the waist and thigh are often highlighted for their ability to capture comprehensive
movement dynamics essential for accurate fall detection and classification [12,13]. In
previous studies, fall detection focused on identifying whether a fall event occurred. It is
important for systems that trigger alerts or further monitoring. However, the purpose of
fall classification is to categorize the type or direction of the fall, such as forward, backward,
or sideways. Classifying the direction of a fall is crucial because different injuries occur
depending on the direction of impact, and this information is critical for tailoring medical
interventions. For example, forward falls may result in wrist or arm fractures, while
backward falls are more likely to cause head or hip injuries. By classifying fall direction, we
can better understand the biomechanics of the fall and design more effective interventions.

Studies have shown that sensor location profoundly influences fall detection and classifi-
cation accuracy. Identifying optimal body locations for IMUs is essential, particularly because
different age groups prefer using the minimum number of wearable devices [14-16]. Common
sensor locations for fall classification include the waist, chest, and thigh, with alternatives
such as the forehead, neck, ear, shoulder, back, wrist, ankle, and foot, though these locations
are generally less favorable [17-25]. For instance, Ponce et al. [5] reinforced the significant
impact of sensor placement by determining that a combination of sensors at the waist and
a lateral viewpoint provided the best results for fall detection, while Martinez-Villasenor
et al. [6] found that waist sensors achieved 95.76% accuracy in fall classification using the
UP-Fall dataset with various machine learning techniques, including random forest (RF),
support vector machine (SVM), and multilayer perceptron (MLP). Santoyo et al. [7] found that
sensors on the chest, waist, or both provided the best results using KNN, SVM, NB, and DT
classifiers. Moreover, Ozdemir et al. [12] demonstrated that a single waist sensor provided the
best performance when analyzing 31 sensor combinations. Ntanasis et al. [13] highlighted that
sensors placed on the waist and thigh were most effective for fall detection and daily activities
monitoring. Table 1 summarizes key studies comparing sensor placements for optimal fall
detection.

While several studies focus on fall detection, some studies specifically address fall-
detection classification, a key method for determining fall direction. Accurate fall-direction
classification requires comprehensive data, making it essential to identify the body regions
that provide the most relevant information. For example, the authors in [26] used IMUs and
eight machine learning classifiers with accelerometers, gyroscopes, and magnetometers
placed on the waist for fall-direction classification. Despite the substantial body of research
on fall detection, the optimal sensor locations for this purpose remain undetermined.

Proper sensor placement is crucial for accurately capturing falls and activities of daily
living (ADLs), especially for distinguishing fall directions. Therefore, our study divided
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the body into upper and lower regions to identify the most effective sensor combination
locations for fall-direction classification, which is crucial for understanding the biomechan-
ics of falls and for implementing effective fall prevention strategies. Distinguishing the
direction of a fall holds significant clinical and scientific importance, as the direction can
directly affect the likelihood and severity of injuries, such as fractures or head trauma. For
instance, forward falls often lead to wrist or arm fractures as individuals attempt to break
their fall, whereas backward falls are more likely to result in head or hip injuries.

Classifying the direction of a fall is essential because different injuries occur depending
on the direction of impact, and this information is critical for tailoring medical interventions.
Clinicians often require detailed fall-direction data to guide treatment decisions, especially
when the patient has lost consciousness and cannot describe how they fell. Knowing the
fall direction can help medical professionals identify which body parts may have been
impacted and adjust treatment accordingly. For example, a backward fall might pay more
attention to the head and hips, whereas a forward fall might require focusing on the arms or
wrists. Robinovitch et al. [27] have demonstrated that injury risk and protective responses
vary significantly depending on fall direction. Thus, accurately identifying fall direction is
key to developing personalized interventions and preventive measures, particularly for
vulnerable populations such as older adults who are at higher risk of falls and injuries. This
understanding can also inform the development of targeted fall prevention technologies
and clinical interventions to reduce injury risks in high-risk populations.

This approach is driven by the distinct movement dynamics of the upper and lower
body during fall events, which may influence the performance of fall-direction classification
systems. For example, sensors on the lower body, such as the ankle or thigh, capture different
fall aspects compared to sensors on the upper body, such as the chest or head. No more
research has systematically explored sensor placement by dividing the body into upper and
lower regions, leaving a gap in understanding that locations provide the most relevant data.
This division also addresses the need for flexibility in sensor placement owing to discomfort,
medical reasons, or physical limitations, catering to specific populations like the elderly or
athletes. For instance, elderly individuals with lower-body weakness may benefit from lower-
body sensors, while athletes might require upper-body sensors. This separation facilitates
flexible sensor placement tailored to the specific needs of each target population.

This research addresses the gap by investigating the impact of sensor placements
on the efficiency of fall-direction classification. We analyzed multiple body locations to
identify the most effective sensor positions and employed advanced machine learning
techniques to evaluate classification accuracy across various regions of the body.

The primary aim of this study was to determine the optimal sensor placements among
12 body locations and ascertain the critical body positions for recognizing and classifying fall
directions using wearable IMU sensors. The key contributions of this study are as follows:

e  Identify the most effective machine learning classifier for fall-direction analysis using
data from 12 body locations;
Examine how the left and right body sides affect fall-direction classification accuracy;
Determine the most effective sensor location combinations for upper and lower body parts;
Utilize a multiclass classification framework to evaluate and compare the effectiveness
of sensor placement in identifying specific fall directions (e.g., forward, backward, and
lateral) and non-falls.

The remainder of this paper is organized as follows: Section 2 explains the dataset
and methodology for comparative analysis, Section 3 presents the results and analysis,
Section 4 presents a discussion of results, and the conclusion summarizes the study.
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Table 1. Summarizing relevant work on finding the best sensor placements for fall detection.

Sensor . ... Falls, .
Ref Dataset Sensor Location Subject Combination ADLs Algorithm Best Performance
. - Waist and a lateral
Neck, waist, X .
5IMUs, 1 . viewpoint
helmet, 6 et wrist 5IMU, RESVM, -  Acc98.72% (RF)
51 UP-Fall ambient, and 2 tr%)usgrs and 17 2 cameras 5/6 MLP, KNN - Right pocket acc:
cameras left ankle 98.57% (RF)
- Wrist, acc: 98.32% (RF)
Neck, waist,
5IMUs, 1 left wrist,
helmet, 6 right pocket’s . RF, SVM, Waist (RF)
(6] UP-Fall ambient, and 2 trousers, and 17 Single 5/6 MLP, KNN acc: 95.76%
cameras left ankle
Thigh pocket,
1 smartphone chest, waist, SVM, KNN, Waist, chest: sen: 95%
71 UMA-Fall and 4 IMU right wrist, 19 31 3/1 NB, DT using SVM
and ankle
Right wrist,
Daily and 6MTow sensor right thigh, KNN, BDM,
[12] Sports (six DOF) right ankle, 14 63 20/16 SVM, LSM, Waist: acc 99.87% using k-NN
Activities chest, waist, DTW, ANNs
and head
Heads, chests,
Daily and Acc + Gyr + waists, right ]‘ZSEI];? Waist: acc 99.28% using RF
[13]  Sports Mag wrists, right 14 Single 20/16 KNN,RE,  Thigh: acc 99.48% using SVM
Activities thighs, and
. RC, SVM
right ankles

2. Methodology

This section outlines the overall procedure for identifying the best sensor locations
to classify fall directions. First, we collected IMU data from 12 sensor placements on the
human body. The proposed methodology involves defining scenarios for selecting specific
sensor locations and segmenting body parts. Then, we developed supervised learning
models to assess these locations. Statistical analyses were employed to determine the most
effective sensor placements for each body part and to compare different body regions for
optimal and accurate fall-direction classification.

2.1. Acquisition

The study included 24 participants (13 females and 11 males) with ages ranging from
18 to 50 years and heights from 155 cm to 183 cm. The dataset was collected from various
environments, including hospitals, homes, roads, and nursing homes. The inclusion
criteria required participants to be physically healthy, with no musculoskeletal problems or
neurological conditions problem that could impair their ability to perform falls. Participants
with any injuries or mobility issues were excluded from the study to ensure safety during
fall simulations. While participants were not at high risk of falls, they were trained to
simulate realistic fall behaviors based on knowledge of fall risk dynamics. This allowed the
participants to imitate falls typically experienced by individuals at a higher risk of falling,
ensuring realistic and accurate fall simulations.

The data collection involved the use of three types of IMU sensors—a 3D accelerometer,
3D gyroscope, and 3D magnetometer—attached to 12 body locations, including the head,
shoulders, upper arms, forearms, pelvis, upper legs, and lower legs. These sensors recorded
movement data across three axes (X, Y, and Z). Participants were instructed to self-initiate
falls in three different directions: backward, forward, and lateral (side falls). Non-fall
activities, such as sitting, standing, walking, and transitioning between sitting and standing,
were also recorded to provide control data for distinguishing between fall and non-fall
events. Specifically, participants were asked to fall 1-10 times in each direction and each
place depending on the participant’s ability and comfort level. These activities were chosen
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to represent common daily movements that could potentially be misclassified as falls. The
dataset was classified into four categories: non-fall, backward fall, forward fall, and lateral
(side) fall. Table 2 provides a detailed breakdown of the sample counts for each category
and the maximum row count per sample, ensuring a robust dataset for fall detection and
classification analysis.

Table 2. The number of simples for each class and the maximum row count per sample.

Maximum of Row Each

Fall Type Simple Each Class Simple
None fall 720 600
Backward 736 600
Forward 977 600
Side 438 600
Total 2871 600

2.2. Body Parts Division and Sensor Selection from Each Part

To identify the most effective sensor locations for fall classification, we divided the body
into two main regions: upper and lower. This division was based on [28], which categorized
the body into three parts and later into more than three parts. In our study, the upper body
includes the head, shoulders, upper arms, and forearms, whereas the lower body consists of the
pelvis, upper legs, and lower legs. This division is illustrated in Figure 1.

Upper Body
Head
Right Shoulde\ . ,/ Left Shoulder

%@
Lga)
2
()
©
2

(

S
c
k)

%

Right Upper Leg Left Upper Leg
Right Lower Leg Left Lower Leg
Lower Body

Figure 1. Description of wearable sensor placements and body region divisions.

The rationale behind dividing the body into upper and lower regions is to evaluate
how each area contributes to fall-direction classification. This approach allows us to identify
which sensors provide the most relevant information from each body region, enabling
the selection of effective sensor configurations that minimize redundancy. By comparing
the performance of upper- and lower-body sensors separately, we aimed to determine the
optimal sensor locations for accurately capturing fall dynamics while also considering user
comfort and practical placement considerations.
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For each body part, we employed a factorial design approach, N = 2F — 1, where k
represents the number of selected sensor positions [7], to study the effect of sensor placement on
detection accuracy. N denotes the total number of possible combinations for each body region.
For the upper body, with four selected sensors, there are 2* — 1 = 15 possible combinations, and
for the lower body, with three sensors, there are 23 — 1 =7 combinations (for the reasons behind
selecting the position of each one, see Section 3.2). This approach allowed us to systematically
explore different sensor placements to capture fall-direction information and identify the optimal
configuration to enhance fall-direction classification performance.

2.3. Materials and Methodologies

This section details the materials and methodologies used to identify the most effective
sensor locations for fall classification using 12 wearable IMU sensors (Figure 1). Our
analysis involved three main steps: (i) preprocessing and labeling, (ii) feature extraction,
and (iii) building models to identify the most effective classifier, analyze differences between
body sides, evaluate sensor combinations across upper and lower body regions, and
validate the statistical significance of the results.

2.3.1. Preprocessing and Labeling

To improve model performance and reduce noise, we applied a 1D Gaussian filter
during data processing and labeled the data for classification. Each dataset file contained
up to 600 samples recorded at 60 Hz, representing 10 s of data per sequence. The data were
classified into four categories for supervised learning: non-falls, backward falls, forward
falls, and lateral falls. The IMU sensor data were synchronized with video recordings of
each fall event and labeled by human experts on fall events. Trained observers reviewed
the video footage to accurately classify the fall direction (e.g., forward, backward, or lateral).
This method ensured objective and consistent labeling, minimizing potential bias that could
arise from self-reporting. The labeled data were subsequently used to train and evaluate
machine learning models for fall-direction classification.

Signal vector magnitude (M) was used to simplify the accelerometer, gyroscope, and
magnetometer data by reducing the three-dimensional vectors (x, y, and z) into single scalar
values, making pattern analysis and event detection more efficient [29]. This approach
was chosen to minimize noise from individual axis variations, ensuring a more consistent
representation of movement dynamics across different fall events. While analyzing indi-
vidual axes (x, y, and z) could offer more detailed data for fall-direction classification, using
M provided a more robust and simplified method for detecting fall-related patterns. In
our study, M was integrated with the individual axes of the accelerometer, gyroscope, and
magnetometer to improve accuracy for fall-direction classification. This section provides a
detailed analysis of these equations.

Accpy = \/Accxz + Accy2 + Acc,? 1)
Gyrpm = \/ G]/rx2 + Gyry2 + Gyrz2 2)
Magy = \/Magx2 + Magy2 + Mag? (©)]

In total, we had 12 channels (9 raw data + 3 magnitudes data) per wearable sensor:
three magnitudes (Accy;, Gyry, and Magys), and the individual x, y, and z axes from the
accelerometer, gyroscope, and magnetometer. Table 3 summarizes all raw data (R) and
magnitudes (M) for feature extraction processing.
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Table 3. Description of all raw data and magnitudes as input for feature extraction processing.

No, Raw Data Description
R;-R; Acc (x,y, 2) 3-axis of an accelerometer

M Accy 1-scaler value from a 3-axis of an accelerometer
R4—Rg Gyr (x,y, z) 3-axis of a gyroscope

M, Gyrym 1-scaler value from a 3-axis of a gyroscope
R7-Ry Mag (x,y, 2) 3-axis of a magnetometer

M3 Magp 1-scaler value from a 3-axis of a magnetometer

2.3.2. Feature Extraction

Feature extraction is crucial for machine learning classification in fall-detection systems.
We used time- and frequency-domain techniques, applying a sliding-window approach
with 600 samples (10 s of data) per window. In the time domain, we extracted 8 features:
maximum, minimum, standard deviation, sum of absolute values, root mean square (RMS),
mean, range, and maximum difference between consecutive values. In the frequency
domain, we extracted 10 features, including the maximum, minimum, standard deviation,
sum of absolute values, RMS, kurtosis, skewness, mean, range, and the maximum difference
between consecutive fast Fourier transform (FFT) values. Each IMU sensor produced
12 channels multiplied by 18 features from both domains, so the total is 216 values (data
point) per sensor.

2.3.3. Employing the Machine Learning Algorithm and Evaluation Method

We compared four commonly used supervised learning classification algorithms for
fall-detection systems: RF [8], KNN [13], SVM [30], and MLP [10]. The optimal hyperpa-
rameters for each algorithm, identified through tuning, are listed in Table 4.

Table 4. Supervised machine learning models and parameters.

Models Structure Best Parameters
RF Ensemble of decision trees n_estimators=100, bootlstra’p =False,
max_features=s'qrt’.
SVM Nonlinear classification model kernel=r'bf’, C=10, gamma=s’cale’.
hidden_layer_sizes=(100,), max_iter=1000,
MLP Feedforward neural network activation=r‘elu’, alpha=0.0001,

solver=s‘gd’.
n_neighbors=10, metric=m‘anhattan’,

KNN Instance-based learning weights=u'niform’

We evaluated our method using four key metrics: accuracy (4), precision (5), recall
(sensitivity) (6), and F-score (7). Testing on a dataset partition showed exceptionally
high accuracy and F-score. Testing on a dataset partition demonstrated exceptionally
high accuracy and F-score, reflecting distinct patterns observed in each class—non-fall,
backward fall, forward fall, and lateral fall. To ensure robustness, all results were derived
using stratified 10-fold cross-validation to calculate the mean and standard deviation.
This comprehensive analysis confirms that our system effectively distinguishes between
different types of fall and non-fall activities, enhancing its overall performance.

Accuracy = TP+ 1IN (4)
YT TPYTN+FP+FN
TP
Recall itivity) = ————
ecall (sensitivity) TP+ EN 5)
.. TP
Precision = m (6)
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_ Recall x Precision
~ Recall 4 Precision

@)

F — score

In the evaluation formulas, TP represents True Positives, FN denotes False Negatives,
FP stands for False Positives, and TN signifies True Negatives.

We used the F-score (7) as a key metric for fall classification, offering a balanced and
comprehensive evaluation of model performance [31]. This metric is particularly suitable
for applications where both precision and recall are critical, especially in cases of class
imbalance. We assessed performance using the mean of the F-score, validated statistically
through the Kruskal-Wallis test to identify the most effective algorithm, and the ¢-test to
check for significant differences in performance (f1_scores) between sensors on the left and
right sides of the same area. We used the Kruskal-Wallis test to evaluate the statistical
significance of performance differences across various sensor combinations. The p-values,
being much larger than the typical significance threshold (e.g., 0.05), indicated no significant
difference, supporting the null hypothesis. Post hoc testing with Tukey’s Honest Significant
Difference (HSD) was conducted using estimated means (circles within bars) with 95%
confidence intervals to identify the most effective sensor combinations for each body part.

3. Results

This section evaluates how sensor quantity and placement affect fall-direction clas-
sification accuracy using the most effective sensor combinations. Our objectives are to (i)
identify optimal machine learning algorithms, (ii) analyze differences between left and
right sensor placements, and (iii) determine the best sensor combinations for each body
part to identify the most effective placements.

3.1. Analysis of the Effect of Machine Learning Algorithm Selection on Fall Classification Performance

Our aim is to select a single classifier based on its overall performance across the
12 sensors, ensuring simplicity and efficiency in determining the optimal classifier for fall-
direction classification. We evaluated four popular supervised learning algorithms—REF, SVM,
MLP, and KNN—to determine the highest-performance single classifier for fall-direction clas-
sification across different sensor locations. A Kruskal-Wallis test was conducted to examine
statistically significant differences (p < 0.05) in performance between these classifiers across
12 sensor locations. The results indicated that SVM consistently outperformed the other clas-
sifiers, including MLP, with statistically significant differences in performance for several
sensor locations.

While the Kruskal-Wallis test revealed significant differences between the classifiers, we
conducted a pairwise Tukey HSD test to specifically compare the F-scores between SVM
and MLP across all sensor locations. The Tukey HSD test showed that the difference in
F-scores between SVM and MLP was statistically significant (p < 0.05) for key sensor posi-
tions, including the right shoulder and left upper leg, where SVM demonstrated significant
improvement over MLP. For the remaining sensor positions, although no significant differ-
ences were found (p > 0.05), SVM still maintained higher average F-scores compared to MLP.
Additionally, the ranking of the classifiers based on their mean F-scores across all sen-
sor locations consistently showed SVM as the top-performing classifier, with MLP fol-
lowing closely but not outperforming SVM significantly in most cases. These findings
confirm that SVM is the most effective classifier for fall-direction classification across the
12 sensor locations, with statistically significant improvements over MLP for certain critical
sensors. Table 5 summarizes the comparison of machine learning algorithms across the
12 sensor locations, highlighting the significant differences in performance between SVM
and MLP and the overall ranking of the classifiers based on their mean F-scores.
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Table 5. Results from comparing machine learning algorithms.

Sensor A B C D E F G H I J K L
SVM 75.74 87.24 76.53 77.40 56.14 57.16 66.37 63.49 85.69 84.30 79.01 80.21
MLP 73.48 85.33 75.04 7391 55.09 54.92 65.23 61.10 83.76 82.70 76.57 78.75
Classifiers  P-value 0.112 0.082 0.364 0.023 * 0.364 0.326 0.406 0.131 0.096 0.049 * 0.082 0.199
RF 66.93 82.02 70.85 69.66 51.68 52.63 59.13 58.78 78.69 78.55 74.50 75.93
KNN 66.52 79.26 68.72 68.87 46.78 48.57 56.41 54.71 77.06 77.90 70.25 71.28
p-value 0.705 0.028 * 0.174 0.597 0.008 ** 0.003 ** 0.174 0.082 0.257 0.290 0.000 *** 0.001 ***

Note: * p <0.05, ** p < 0.01, *** p < 0.001, p-values below 0.05 indicate statistically significant differences in classifier
performance across the respective sensor locations. The sensor locations are designated as follows: A (head),
B (pelvis), C (left shoulder), D (right shoulder), E (left forearm), F (right forearm), G (right upper arm), H (left
upper arm), I (right upper leg), J (left upper leg), K (left lower leg), and L (right lower leg).

3.2. Results for Analyzing Sensor Location of Different Sides (Left and Right) on the Body

We compared the sensor locations on the left and right sides of the body to determine
the most effective representative for each anatomical area. This analysis aimed to streamline
sensor placement while maintaining data accuracy. After identifying the SVM algorithm as
the best-performing algorithm (Section 3.1), we used it to compare corresponding sensor
locations across five areas: shoulders, upper arms, forearms, upper legs, and lower legs.

Table 6 shows that the t-test analysis found no significant performance differences
between left and right sensor locations within the same anatomical areas (shoulders, upper
arms, forearms, upper legs, and lower legs). All p-values were greater than 0.05, indicating
that sensors on both sides perform similarly. The t-test results for these comparisons are
summarized in Table 6.

Table 6. Statistical analysis results from comparing the left and right sides of the body.

Sensor Areas Shoulders Upper Arms Forearms Upper Legs Lower Legs
T-statistic —0.6534 —1.8727 —0.8059 —1.3912 —1.0864
p-value 0.5217 0.0774 0.4308 0.1811 0.2917

3.3. Results of Identifying Optimal Sensor Combinations and Comparing Body Parts for Effective
Placement

We analyzed combinations of four upper-body sensors and three lower-body sensors
for optimal fall-direction classification. After identifying SVM as the most effective model
and finding no significant performance differences between sensors on the same anatomical
area, we selected the best-performing sensors: head, right shoulder, right forearm, and left
upper arm for the upper body; pelvis, left upper leg, and right lower leg for the lower body.

3.3.1. Results of Identifying Four Different Sensor Location Combinations on the Upper
Body Part

We analyzed 17 sensor combinations on the upper body to identify the most effective
locations, focusing on sensors positioned on the head, right shoulder, right forearm, and
left upper arm. The Kruskal-Wallis test revealed a highly significant difference between
the sensor combinations (p < 0.0001), indicating that sensor placement significantly affects
the F1 score. A subsequent Tukey’s HSD test pinpointed the specific combinations driving
these differences, with the best sensor locations illustrated in Figure 2.
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Figure 2. Results of identifying sensor combination on the upper body part, with positions indicated
as follows: A: head, D: right shoulder, E: left forearm, and G: right upper arm.

Using these sensors, both individually and in combination, significantly improved
algorithm performance compared with other configurations. As shown in Figure 2,
six sensor setups—head—-shoulder combination (AD), shoulder-upper arm (DG), shoulder—
upper arm-forearm (DGE), head-shoulder—upper arm (ADG), head-shoulder—forearm
(ADE), and all four sensors combined (ADEG, blue color)—achieved a mean F-score of
approximately 0.82 and performance level, respectively. In contrast, sensors on the forearm
and upper arm alone did not enhance system performance, indicating they may be less
effective and could potentially reduce the overall accuracy of the fall-detection system.

The shoulder alone achieved a mean F-score of 77.40% (£3.68%), while the head
achieved 75.74% (4:2.86%). Performance improved when these positions were combined.
For example, the shoulder-head combination yielded 82.64% (£2.83%), and the shoulder—
upper arm combination reached 80.30% (£2.48%). Higher performances were observed
when the three positions (shoulder, head, and upper arm) were combined, which resulted in
a mean performance of 83.46% (42.95%). The highest performance, 84.16% (+2.75%), was
achieved when all four sensors were used together. These findings suggest that combining
multiple sensor positions enhances the performance of fall classification systems. Figure 3
presents a confusion matrix based on the accuracy of each class, which evaluates the
accuracy of various sensor combinations, helping to identify the most effective sensor
placements for precise fall classification and making them more effective for real-world
applications. While multiple sensor locations can enhance classification rates, focusing on
key locations—such as the head, shoulder, and upper arm—proves most effective when
used in combination. The confusion matrix (Figure 3) shows high precision and recall
for non-fall and backward-fall events. However, slightly lower accuracy was observed
for lateral falls, suggesting areas for improvement. Misclassifications primarily occurred
between forward and lateral falls. Sensor combinations from the upper body, as described
by the confusion matrix, are illustrated in Figure 3.
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Figure 3. Confusion matrices for fall-direction classification based on optimal upper-body sensor
locations: (a) shoulder-only sensor, (b) shoulder and upper arm combination, (c) head, shoulder,
and upper arm combination, (d) head, shoulder, upper arm, and forearm combination. Classes are
represented as “N” for non-fall, “BY” for backward fall, “FY” for forward fall, and “SY” for lateral fall.

3.3.2. Results of Three Different Sensor Location Combinations on the Lower Body

In this analysis, we focused on identifying the optimal single-sensor and sensor
combinations for the lower body using an evaluation method similar to that described in
the previous section. The results demonstrated that the best performance for single sensors
in the lower body was achieved with sensors placed on the pelvis (B) and upper legs (J), as
illustrated in Figure 4. These sensors, when used individually, significantly enhanced the
effectiveness of the algorithm, outperforming other lower-body sensors. In Figure 5, three
configurations—the pelvis—lower leg (BL), upper leg-lower leg (JL), and all three sensors
combined (BJL)—achieved a geometric mean of approximately 0.915. Sensors on the lower
leg alone did not improve performance, but when combined with sensors in other locations,
they enhanced overall performance. This figure presents Tukey’s HSD test results with a
boxplot, comparing the mean F-score obtained using the SVM algorithm across these sensor
positions. This analysis identifies the most effective sensor positions and combinations for
accurate fall classification in the lower body parts, as shown in Figure 4.

0950y Not Optimal

BB Similar to Optimal
0925 R Best Optimal

" i — - -

0.825

F1 Score
o
®
&
3

0.800
0.775
0.750

L
Sensor Combinations

Figure 4. Results of identifying sensor combinations on the lower body, where positions are indicated
as B: pelvis, J: left upper leg, and L: right lower leg.
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Figure 5. Confusion matrices for fall-direction classification based on optimal sensor locations on
the lower body are presented as follows: (a) confusion matrix obtained from the pelvis location,
(b) confusion matrix obtained from two combinations of pelvis—lower leg locations, (c) confusion
matrix obtained from three combinations of pelvis—upper leg-lower leg locations. The classes are
represented as “N” for “non-fall,” “BY” for “backward-fall,” “FY” for “forward-fall,” and “SY” for
“lateral-fall” or “side-fall”.

For the lower body, the most effective areas were the pelvis at 87.24% (£1.38%) and
the upper leg at 85.69% (£2.37%). Performance improved when these positions were
combined. For example, combining the pelvis and lower legs resulted in a performance
mean of 91.06% (£1.64%), while the combination of the upper and lower legs achieved
90.55% (£1.36%). The highest performance, 92.28% (£1.38%), was observed when all three
locations—pelvis, upper leg, and lower leg—were combined. These findings indicate that
combining multiple sensor positions generally enhances the performance of fall classifica-
tion systems. Figure 5 presents the confusion matrix that highlights the performance of
various sensor combinations for lower body parts. This analysis identifies the most efficient
sensor locations and groupings for precise fall classification, enhancing their effectiveness
for real-world applications. Combining multiple sensor locations, particularly the pelvis,
upper leg, and lower leg, improves classification rates. The model performed exceptionally
well in identifying non-fall, backward-fall, and forward-fall events with high precision and
recall. However, lateral-fall classification showed slightly lower performance, indicating
potential areas for model improvement. Misclassifications between forward and lateral falls
were observed, likely due to similarities in fall patterns. The sensor combinations resulting
from the lower body, as shown by the confusion matrices, are illustrated in Figure 5.

4. Discussion

Our results identified the shoulder and head as the most effective sensor locations
for fall-direction classification on the upper body and the pelvis and upper leg for the
lower body. These findings are consistent with previous studies that highlight the waist,
chest, and thigh as key sensor locations (see Table 1) [5,7,15,16,31]. Although single-sensor
placements are often sufficient for general fall detection, our study shows that they are
inadequate for accurate fall-direction classification. Instead, combining sensors across both
upper and lower body parts proved more effective. This approach enhances crucial data
capture and simplifies the identification of the most effective sensor locations for multiclass
fall classification and ADL systems.

We evaluated four classifiers across 12 sensor locations to select the best single classi-
fier for fall-direction classification, with the SVM classifier emerging as the best classifier.
This finding is consistent with previous studies that primarily focused on fall detection
rather than fall-direction classification [7,16]. In those studies, SVM consistently outper-
formed other classifiers, including random forest (RF), multilayer perceptron (MLP), and
K-Nearest Neighbors (KNN), in detecting falls from activities of daily living. Although
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some studies indicate that RF or MLP may perform better in specific fall-detection scenarios,
our evaluation of fall-direction classification across various sensor locations demonstrated
that SVM provided superior accuracy and consistency. Further research may explore the
performance of alternative classifiers specifically for fall-direction classification.

We investigated whether sensor placement on the left versus right side of the body
within the same anatomical area affected performance. Our analysis, covering five body
areas (shoulders, upper arms, forearms, upper legs, and lower legs), found no significant
performance differences between sides. This suggests that sensor placement within the
same anatomical area can be flexible, allowing for random or alternating side selection with-
out significantly affecting classification accuracy. This flexibility is beneficial for designing
wearable systems as it can be adapted to user comfort or physical constraints.

While our results showed that combining sensors on multiple lower limb segments
(pelvis, upper leg, and lower leg) provides the highest accuracy, we recognize that practical
factors such as portability, affordability, and usability are just as important as accuracy in
real-world applications of fall-detection systems. To maximize these practical aspects, we
identified the pelvis as the single best sensor location for fall-direction classification. The
pelvis offers a high classification performance due to its proximity to the center of mass,
and it provides reliable data for detecting fall dynamics without requiring multiple sensors
on the lower body. This makes it the most feasible choice for a single-sensor location,
balancing accuracy with usability and cost-effectiveness.

Comparing the lower body to the upper body, the combination of the pelvis, upper
leg, and lower leg sensors outperformed upper-body sensor combinations in classifying
fall directions. The highest accuracy of 92.28% (£1.38%) was achieved with the three
lower-body sensors, while upper-body sensors, such as the combination of shoulder, head,
and upper arm, achieved a maximum accuracy of 83.46% (4:2.95%). This suggests that
lower-body sensors provide more accurate data for classifying fall direction, likely due to
their closer proximity to the center of mass and the points of impact during a fall. These
findings indicate that lower-body sensors should be prioritized in future wearable fall
classification systems, as they significantly enhance classification accuracy for fall events.

However, we recognize the possibility that combining sensors from both upper and
lower body regions could provide a more comprehensive view of body movement during
a fall. This combination may improve the overall classification accuracy by leveraging
complementary data from both areas. Therefore, future work could explore optimal
combinations of upper and lower body sensors to maximize accuracy while minimizing
the number of sensors required.

For the misclassifications between forward and lateral falls, contrary to initial assump-
tions about similarities in fall patterns, previous studies suggest that forward and lateral
falls exhibit distinct biomechanical characteristics [32]. Forward falls typically involve
different body segments and impact forces compared to lateral falls. Therefore, this first
reason, the observed misclassifications may stem from sensor placement limitations or
challenges in detecting lateral falls using the current setup. Lower-body sensor placements
(pelvis, upper leg, and lower leg) also demonstrated superior classification performance
compared to upper-body placements. This may indicate that lower-body sensors capture
fall dynamics more effectively, especially in lateral falls, where the legs and pelvis may
experience more pronounced movement and impact. And the second reason is the misclas-
sification by a similar pattern. Further investigation into optimizing sensor configurations
or applying more advanced machine learning models could help improve the detection of
lateral falls.

Another observation is that lateral falls (SY) were misclassified as backward falls
(BY) more frequently than as forward falls (FY), as shown in Figure 5. This is due to the
similarities in body movement during backward and lateral falls, especially in the lower
body. Both backward and lateral falls involve shifting of weight away from the center
of mass, causing the legs and pelvis to experience similar patterns of acceleration and
deceleration, particularly when using the current sensor placements. Forward falls, on
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the other hand, typically involve more pronounced upper body movement, which may
make them easier to differentiate from lateral falls. The higher misclassification rate for
lateral falls (SY) compared to other fall directions may also be attributed to the complex
nature of lateral falls, where sideways movement of the body, particularly the legs and
pelvis, produces sensor data that are more challenging to distinguish from other fall types,
especially backward falls. This could indicate the need for further optimization of sensor
placement or the addition of sensors specifically tailored to capture the unique dynamics of
lateral falls.

Our results showed that lower-body sensor placements are more effective than upper-
body sensor placements for fall-direction classification. The optimal combination involves
three locations on the lower body: pelvis, upper leg, and lower leg, that significantly improved
classification accuracy. Therefore, we recommend prioritizing the lower body for configuring
sensor placements to collect essential data for accurate fall-direction classification.

This study has limitations. It focused on 12 specific sensor locations, excluding other
potentially valuable locations such as the chest and neck. Although the SVM was the most
effective model for this dataset, other machine learning or deep learning models not explored
here may yield different results. The dataset may not represent the full range of daily activities,
potentially limiting the robustness of the system in real-world scenarios. Lastly, although no
significant differences were found between left and right sensor placements, this may not apply
universally, as individual variations were not fully explored.

Additionally, the study population was not specifically at high risk for falls. The
participants, while capable of imitating fall behaviors, were not elderly or mobility-impaired
individuals, which may affect the applicability of our results to populations with a higher
risk of falling. Falls in real-life scenarios are often unintentional and accidental, and these
events may exhibit different biomechanical characteristics compared to the self-initiated
falls simulated in our study. Real-life falls may involve higher levels of unpredictability,
acceleration, and dynamic movement, which could influence the sensor data, particularly
acceleration and gyroscope values. Therefore, while the falls in this study were designed to
mimic high-risk behaviors, we acknowledge that self-initiated falls may not fully capture
the complexities of accidental falls, limiting the generalizability of our findings. Future
research should explore fall detection and classification in populations at higher risk and in
more naturalistic, real-world settings to better understand the optimal sensor configurations
for real-life fall scenarios.

One key limitation is that we did not account for changes in fall direction during the
event. In real-life scenarios, a person may begin falling in one direction, such as forward,
but rotate mid-fall and land on their side [27]. This dynamic shift in fall direction was
not considered in our study, as our simulated falls followed a single, consistent trajectory.
Future research should explore this aspect to better replicate real-world falls and improve
the robustness of fall-direction classification systems.

5. Conclusions

This study aimed to optimize sensor placement on the human body for fall-direction
classification while minimizing the number of sensors used. We focused on three main objectives:
identifying the most effective machine learning classifier, analyzing whether sensor placement
on different sides of the body impacts performance, and determining the optimal combination
of upper- and lower-body sensors for accurate fall-direction classification.

Our findings highlight that while multiple sensors generally improve classification
accuracy, focusing on two or three key sensor locations can provide robust performance.
Specifically, the pelvis, upper leg, and lower leg emerged as the most effective lower-body
locations, while the head, shoulder, and upper arm were identified as the best-performing
upper-body locations. Although a single sensor can reliably distinguish between fall and
non-fall events, it is less effective for identifying specific fall directions. Combining two
or three sensors significantly enhances directional classification, achieving accuracies of
96% for non-fall events, 92% for backward and forward falls, and 83% for lateral falls. This
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demonstrates the importance of sensor placement, especially in areas like the pelvis and
lower limbs, which are closer to the center of mass and impact points during a fall.

Future research should explore additional sensor placements beyond the 12 anatomical
locations analyzed in this study to further improve fall-direction classification. Addition-
ally, the application of advanced machine learning techniques, including deep learning
models, could provide enhanced accuracy by capturing more complex movement patterns.
Expanding the dataset to include a wider range of daily activities and fall types will be
critical for improving the real-world applicability of fall-detection systems. Furthermore,
individual variations—such as body type, age, and fall risk—should be explored to develop
more personalized and effective fall classification solutions.

These future directions are essential for advancing the field of fall-direction classifica-
tion, ensuring that the systems developed are not only highly accurate but also practical
and adaptable, ensuring their effectiveness in diverse real-world scenarios, especially for
populations at higher risk of falls.
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Abstract: This study explores the integration of blockchain technology in wearable health devices
through the design and development of a Smart Fidget Toy. We aimed to investigate design challenges
and opportunities of blockchain-based health devices, examine the impact of blockchain integration
user experience, and assess its potential to improve data control and user trust. Using an iterative
user-centered design approach, we developed a mid-fidelity prototype of a physical fidget device
with a blockchain-based web application. Our key contributions include the design of a fidget toy
using blockchain for secure health data management, an iterative development process balancing
user needs with blockchain integration challenges, and insights into user perceptions of blockchain
wearables for health. We conducted user studies, including a survey (n = 28), focus group (n = 6),
interactive wireframe testing (n = 7), and prototype testing (1 = 10). Our study revealed high user
interest (70%) in blockchain-based data control and sharing features and improved perceived security
of data (90% of users) with blockchain integration. However, we also identified challenges in user
understanding of blockchain concepts, necessitating additional support. Our smart contract, deployed
on the Polygon zkEVM testnet, efficiently manages data storage and retrieval while maintaining user
privacy. This research advances the understanding of blockchain applications in health wearables,
offering valuable insights for the future development of this field.

Keywords: blockchain; wearable devices; user-centered design; data privacy and control; health
data collection

1. Introduction
1.1. Background

Wearable technologies, like fitness trackers and smartwatches, do more than count
steps—they constantly track how much we move, how fast our hearts beat, and even how
well we sleep. Wearable devices offer non-intrusive means of gathering data in real time
on a range of behavioral and physiological markers associated with mental health [1-3].

However, using these wearables also brings several challenges, particularly related to
data privacy, data ownership [4], user acceptance, and adoption [2]. To address these chal-
lenges, there is growing interest in exploring the potential of blockchain technology [5,6].

Blockchain offers a decentralized and secure way to store and manage data, providing
transparency while ensuring privacy and control [7-11]. Blockchain employs advanced
cryptographic methods such as hash chaining, anonymous signatures, and non-interactive
zero-knowledge proofs to ensure data integrity and privacy [9,12].

Integrating blockchain with IoT systems can address security and privacy challenges
by providing decentralized authentication, data integrity, and secure data sharing [13,14].
Blockchain can secure electronic health records by enabling decentralized access control
and data confusion, balancing privacy with accessibility [14].

The immutability of blockchain records ensures that once data is recorded, it cannot be
altered or deleted, which is crucial for maintaining the integrity of medical records [15-17].
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Its potential applications in mental health data collection [18-20] present an oppor-
tunity to overcome the existing barriers and lay the foundation for the efficient use of
wearable devices. Distributed ledger technology allows for efficient and secure sharing
of electronic health records (EHRs) across different healthcare providers, improving the
accuracy and timeliness of diagnoses and treatments [7,15,21].

Blockchain can address interoperability issues by providing a standardized framework
for data sharing among different healthcare systems and providers, facilitating seamless
access to patient records [7,11,22].

This research explores blockchain technology’s potential to shape wearable devices
and UX while enhancing trust. It lies in the overlap of design, technology, and health. The
study uses human-centered design to create wearables that focus on developing a smart
fidget toy that is conscious of patients” mental health needs while ensuring that the data
gathered is secure, private, and valuable for doctors and therapists.

1.2. Motivation

Building upon the exploration of the capabilities of blockchain technology to improve
wearable devices for healthcare, our research was narrowed down to focus on a specific
device that embodies it: a smart fidget toy. Integrating smart technology into fidget devices
offers a unique opportunity to collect mood and health-related data.

A fidget toy is a handheld object designed to help individuals focus, relieve stress,
provide sensory experience, or keep their hands busy through repetitive movements [23].
These are used for various applications, notably in aiding individuals with ADHD, autism,
and Asperger syndrome [24]. Traditional fidget toys like spinners have been widely
adopted for simplicity and playfulness. No peer-reviewed scientific evidence showed that
fidgets are effective treatments for mental health conditions [25]. An attempt to address
the problem through the use of smart fidgets was proposed by Liang et al. [26] to provide
real-time feedback and data tracking for individuals.

However, the potential of integrating smart technology into these toys remains not
widely explored, offering opportunities to enhance their functionality and user engagement.

Smart fidget toys have the potential to collect valuable data on user interactions,
which can be analyzed to help them build correlations. This data can be used not only to
personalize the user experience, making the toys more effective for stress management and
focus enhancement, but would also allow to build validated reports for third parties such
as doctors, therapists, and researchers and improve collective health information [27].

Data collected from the smart fidget toy can be analyzed by the user and third parties
to identify correlations between fidgeting patterns and mood states.

Given the sensitive nature of this data, blockchain technology can be proposed.
Blockchain is increasingly being explored for its potential applications in healthcare, of-
fering a decentralized and secure way to manage health-related data. This technology
promises to enhance data sharing, maintain patient privacy, and improve the overall
efficiency of healthcare systems [28], in particular:

1.  Enhanced Data Security: The decentralized nature of blockchain ensures that data
is not stored in a single location, reducing the risk of data breaches. Data recorded
by the fidget toy can be securely encrypted and stored on the blockchain, making it
tamper proof and ensuring that user data remains confidential and unaltered [29].

2. User Control and Privacy: Blockchain empowers users by giving them control over
their data. Users can grant or revoke access to their data anytime, ensuring they
maintain privacy and have a say in how their information is used. This is particularly
important for sensitive health-related data [22,28].

3. Transparency and Trust: The transparency inherent in blockchain technology fosters
trust among users. Every transaction is recorded on a public ledger, allowing users
to verify the authenticity of their data. This transparency ensures that third parties
accessing the data do so with the user’s explicit consent, and any data manipulation
attempts can be easily detected [30].
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4. Immutable Health Records: Once data is recorded on the blockchain, it cannot be
altered or deleted. This immutability is crucial for maintaining accurate health records
over time. Users and healthcare providers can rely on the integrity of the data,
knowing it reflects accurate historical metrics [31].

5. Efficient Data Sharing: Blockchain facilitates seamless and secure data sharing be-
tween users and authorized third parties. For instance, users can share their data
with healthcare professionals, researchers, or wellness apps without the need for
intermediaries, enhancing the efficiency and speed of data exchange [32].

6. Improved User Engagement: By leveraging blockchain technology, users can be moti-
vated to engage more with the fidget toy and the associated web app. For example,
they could earn tokens or rewards for contributing their data to research studies or
maintaining consistent usage, adding a layer of gamification and motivation [33].
Moreover, blockchain can improve user engagement by providing security, privacy,
transparency, trust, and traceability, as analyzed through user-generated content on
Twitter [34].

7. Interoperability: Blockchain can support interoperability with other healthcare sys-
tems and applications, ensuring that data stored can be integrated with other health
records and analytics platforms. This enhances the value of the collected data and
provides a comprehensive view of the user’s health [35].

Despite the promising potential of blockchain-powered fidget toys, their development
poses several challenges. To provide users with valuable data, it is necessary to collect
quantitative data, such as frequency and duration of fidget toy usage, and qualitative
data that captures the user’s emotional state or stress levels by implementing sensor
technologies. While integrating blockchain, it is essential to identify the limits of the
technology to list the restrictions and requirements for the product, service, and user
experience design. Designing a toy that effectively balances traditional tactile satisfaction
with digital capabilities requires a thorough understanding of user needs and preferences.
The iterative design approach employed in the development of the smart fidget toy was
essential in addressing these challenges and ensuring user-centered design.

In this study, we focus on a specific target audience—individuals aged 24 to 32 who
are highly interested in well-being practices and are considered technology enthusiasts.
This demographic is particularly receptive to new technology, making them an ideal group
for testing and refining new smart wearable devices.

Our smart fidget toy is designed for on-demand play, with data collection occurring
only when in use. This approach minimizes the computational power required and op-
timizes memory usage on both the device and the blockchain network. Limiting data
collection to active usage periods ensures the device remains efficient and responsive,
enhancing the overall user experience.

We assume that the moment the user interacts with our Toy, it is a moment of stress
or when they are seeking concentration. Therefore, in the preliminary prototypes, we
incorporated only one sensor—a photoplethysmography (PPG) that is effective for sensing
the HR and HRYV values of healthy subjects during rest [36].

1.3. Research Questions and Objectives

This study is part of a broader PhD research project titled User-Centric Design for
Health Wearables: Exploring Blockchain Adoption for Data Privacy and Control. The
overall aim of the doctoral research is to contribute to the developmental and ethical issues
of health wearables and the adoption of blockchain technology. Within this framework, the
current study addresses the following primary research questions:

e  What are the design challenges in the design of blockchain-based devices for health?
e  What are the design opportunities in the design of blockchain-based devices for health?

Additionally, we explore secondary questions to provide a comprehensive understanding;:
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e  How can implementing blockchain technology shape the wearable device, user expe-
rience, and related applications?
e  How can blockchain enhance data control, awareness of data value, and user trust?

This study employs a systematic approach that combines user feedback, iterative
design processes, technology integration, and validation through user testing and serves as
an evaluative single-case study. Through this investigation, we aim to contribute to the
interdisciplinary area between design, technology, and health by addressing the design
challenges and opportunities of blockchain-based devices for health.

To provide a comprehensive overview of our research framework, Figure 1 illustrates
the key components of this study. The primary objective of this research is to explore
how iterative design and user-centered techniques can be employed to develop a device
collecting health-related data. Through focus group discussions, surveys, and user testing
sessions, we seek to understand the key features and functionalities users desire and
the most effective ways to implement these features. By documenting our design and
development process, we aim to provide valuable insights and guidelines for future design
projects incorporating blockchain technology and smart wearables.

Research Objectives

Explore design challenges and
opportunities

Examine blockchain's impact on
Ux

Assess data control and trust
enhancement

Develop and test prototype

=

" Balancing security and usabilty

N—o

Challenges Methodologies Expected Outcomes.

Integrating wearable sensors
with blockchain

Prototype of blockchain-

Iterative prototypin §
proteyping enabled smart fidget toy

Recommendations for future
research and development of
blockchain-based health
wearables

User-centered design approach

User understanding and
adoption of blockchain
technology

Insights on user perceptions of

Mixed-methods user studies
e meotsmr el blockchain in health tech

Figure 1. Overview of Research Objectives, Challenges, Methodology, and Expected Outcomes.

1.4. Paper Organization

This paper is organized as follows: Section 2 reviews the literature on wearable devices,
blockchain in healthcare, and user-centered design. Section 3 describes our methodology,
including the iterative design process, user involvement, and development of the proto-
types. Section 4 presents results from user studies. Section 5 discusses key findings and
challenges in integrating blockchain with wearable health devices. Section 6 concludes
the paper, summarizing contributions and future directions. Throughout, we address
the research questions and objectives outlined in Section 1.3, focusing on the design and

development of our blockchain-based smart fidget toy.

2. Literature Review
2.1. Wearable Devices in Healthcare

Wearable devices have gained significant interest from experts in healthcare for their
ability to monitor physiological and behavioral data continuously. They effectively monitor
physiological parameters such as heart rate, blood pressure, and glucose levels, aiding
in early diagnosis and treatment [37]. Lu et al. still underline that despite the potential,
wearable devices face challenges such as user-friendliness, privacy, and security [37].

Advances in miniaturization, flexible electronics, and biosensors have significantly
improved the functionality and reliability of wearable devices [38,39].

Piwek et al. highlight the potential of consumer health wearables to revolutionize
healthcare, especially by assisting patients in “self-tracking” [4]. They also underline
challenges related to data accuracy and privacy [4].

In the context of mental health, Onyeaka et al. report on the increasing use of smart-
phones and wearables for health promotion among individuals with anxiety or depres-
sion [1]. Schecter et al. discuss the purported benefits and potential drawbacks of fidget
spinners, noting the lack of peer-reviewed evidence supporting their effectiveness for
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mental health conditions [25]. However, Liang et al. proposed an augmented fidget spinner
for biofeedback and respiration training, demonstrating the potential for integrating smart
technologies into fidget devices [26].

2.2. Blockchain Technology in Healthcare

Numerous researchers have explored the application of blockchain technology in
healthcare. Hasselgren et al. provide a comprehensive scoping review of blockchain
applications in healthcare and health sciences, highlighting potential benefits in areas such
as electronic health records management and clinical trials [18].

Blockchain in healthcare is primarily used for secure data sharing, managing health
records, and access control [18,28,40,41]. It addresses the challenges of electronic health
records by providing a decentralized and secure method for data exchange. It improves
interoperability between disparate healthcare systems, facilitating seamless data exchange
and access control [40,41].

Fan et al. proposed MedBlock, a blockchain-based information management system
that aims to efficiently and securely share medical data [7]. Their work demonstrates the
potential of blockchain in improving the security of data and interoperability in health-
care settings.

Koumpounis and Perry proposed a blockchain-based electronic health record system
with patient-centered data access control, highlighting the importance of user empower-
ment in managing health data [19].

Chowdhury et al. developed a blockchain-based wearable data marketplace to address
privacy and trust issues in health data sharing [42], proving blockchain’s potential to im-
prove data security, user control, and privacy in health data sharing from wearable devices.

Dwivedi et al. presented a decentralized privacy-preserving healthcare blockchain for
IoT devices, addressing some of the security and privacy challenges associated with health
data collection from wearables [5].

2.3. User-Centered Design and Technology in Healthcare

The importance of user-centered design in health technologies is well-established.
Genaro Motti and Caine provide an overview of wearable applications for healthcare,
emphasizing the need for user-centered design approaches to address challenges in user
acceptance and adoption [43].

Effective user-centered design involves end-users from the early stages of project de-
velopment through to final deployment, ensuring their needs and requirements are met [44].
Involving patients in the design and testing phases ensures that health technologies are
customized to meet their needs, enhancing functionality and usability [45].

Blockchain technology can be considered challenging from a design perspective [46].
Moniruzzaman et al. underline that the design process of blockchain-based products often
lacks systemized practice guidelines [47]. Moreover, designers struggle to understand the
particular challenges users face in blockchain-based products [48,49], and developers often
cover design-related issues [46].

Despite the growing body of research on blockchain applications in healthcare, several
gaps remain. There is limited empirical evidence on the user acceptance of blockchain-
based health data-sharing systems. Furthermore, while user-centered design is recognized
as important, there is a lack of specific design guidelines for blockchain-based health appli-
cations that balance technical requirements with user needs and regulatory compliance.

3. Materials and Methods
3.1. Iterative Design Process

The development of the smart fidget toy followed an iterative, user-centered design
process consisting of multiple phases. Each phase incorporated user feedback to refine and
improve the prototype. This approach ensures that the outcome will be closely aligned
with user needs and preferences.
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Each phase of the design process involved the participation of potential users in
various formats (interviews, testing sessions, etc.) and iterative prototyping to refine the
device based on direct user feedback.

3.1.1. Initial Concept

The initial concept for the Smart Fidget Toy (Figure 2) was developed based on
preliminary research into existing fidget toys and wearable devices for stress management.
The goal was to integrate blockchain technology into a device that provides secure data
storage while maintaining the tactile satisfaction of traditional fidget toys.

heavr

sensor

LED

Figure 2. Sketch of Initial Concept of the Device.

Smart Fidget Toy is proposed as a device to collect data when a stressful moment
happens to the user and to correlate it with some health parameters.

The product concept includes the following aspects: shape and ergonomics, sensors
and fidgeting elements, possible use cases, and used sensors. The product will be in a
round, flat shape to fit comfortably in the user’s palm and enable it to be used as jewelry.

By leveraging blockchain technology, the wearable device aims to provide a holistic
approach to mood monitoring, empowering individuals to take proactive steps in managing
their mood state and assisting them in their rituals associated with OCD, ADHD, panic
attacks, and depression. Smart Fidget Toy, however, is not a medical device and collects
biomedical data solely for monitoring and research purposes.

3.1.2. Project Development

To define better the user interactions with the product, we conducted the following
studies and exercises (Figure 3):

Development of the Storyboard

Persona Canvas Development

Development of the Empathy Map

Comparison of the User Flows of similar products
Development of User Flows

Development of Low-fidelity prototypes

App Map Development

User Journey Map Development

Service Blueprint Development

Focus Group

Anonymous Survey

Development and User Testing of Interactive Wireframes
Development and User Testing of Mid-fidelity prototype

O XN »N e

[ G Gy
(SRR

That approach allowed us to continuously refine the product while maintaining its
multidisciplinary development while focusing on a user-centered design approach.

Four of the activities involved potential users. In these studies, the number of par-
ticipants varied, reflecting both methodological considerations and practical constraints.
Our sample sizes are consistent with common practices in user-centered design research,
particularly for qualitative data collection and iterative design processes.

For the focus group (n = 6), we aimed for a size that would facilitate a discussion
while ensuring all participants had an opportunity to contribute. This aligns with rec-
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Idea

Concept

ommendations for focus group sizes in design research, which typically range from 4 to
6 participants [50].

Problem Identification Concept Refinement Milestone Problem Identification

Assembly of

Storyboard Prototypes

App Map

Persona Canvas Focus Group

User Flows of the

Product User Journey Map Lo-Fi Prototypes

Empathy Map Anonymous Survey

Service Blueprint

User Testing of
Interactive Wireframes

Comparative Analysis
of User Flows

A
i

Figure 3. The Development Process of the Smart Fidget Toy.

The survey (n = 28) allowed us to gather a broader range of perspectives, providing
quantitative data to complement our qualitative insights. While larger sample sizes are
ideal for surveys, this number was sufficient for our exploratory purposes [51].

For the wireframe testing (n = 7) and mid-fidelity prototype testing (n = 10), these
sample sizes are typical for usability studies, where 5 to 10 participants often uncover
the majority of usability issues [52,53]. These numbers allowed for in-depth, qualitative
feedback on user experience while remaining feasible.

It’s important to note that our study faced time limitations and recruitment challenges,
which influenced our final participant numbers. Additionally, to maximize insights from
our participant pool, some individuals participated in multiple study phases: two par-
ticipants were involved in both the focus group and mid-fidelity prototype testing, and
two others participated in both wireframe testing and mid-fidelity prototype testing. This
overlap allowed us to gather longitudinal insights on user perceptions throughout the
design process. While larger sample sizes could potentially offer more detailed results, our
approach prioritized deep, qualitative insights at each stage of the design process.

3.1.3. Development of Prototypes

To begin the development of the smart fidget, we created several low-fidelity pro-
totypes focusing either on the technological aspects of the product or on the physical
appearance of the device, incorporating basic interaction features.

Those prototypes were developed to validate that the model can be produced, the
electronic elements fit inside, and we can test it with users.

The technology-focused prototype was not shown to the audience, but it served as an
experimental exercise to define the technologies used for the project. Since the technological
aspects significantly influence the design, it was essential to start developing the hardware
and software components of the wearable device early in the design process. The draft
software to transfer and store the data in the blockchain was developed and connected to a
physical low-fi prototype.

The physical artifact was re-developed several times. The 3D model of the prototype
was prepared using Grasshopper inside of Rhinoceros [54]. The Grasshopper script de-
scribes the design of several separate prototype elements parametrically to allow easier
future editing. The following components were developed: the rotary disc, the closing
cap to fix the disk, the button cap, and the base. The size of the artifact was influenced
by the electronics selected, especially by the height of the rotary encoder and the size of
the microcontroller.

The base has supportive elements for the closing cap and rotary disc, a hole for the
PPG sensor, another one for the charging cable, and one more for LED. The rotary element
is presented as a flat disc with a spherical tip on the top surface and a full-height hole in
the center for the rotary encoder. The button cap has a special border to assemble it to the
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rotary disc and a little tip to fit in the rotary encoder rotating part. The closing cap of the
device has a little border to lock the rotary disc inside the device and two holes aligned
with the base for the LED and charging cable.

All the elements were fabricated using 3D printing technology, and all elements except
for the button cover were printed with white PLA, while for the button, we used different
mixes of rubber-like materials.

At this stage, the only electronic element placed inside was the rotary encoder since it
provides tangible user feedback.

Those prototypes were developed to verify the selection of electronics and validate
their design with potential users.

3.2. User Experience Design

Blockchain technology is considered a highly safe data storage method but has a
complex user experience [55]. Moreover, most of the microcontrollers used for wearables
cannot directly interact with the blockchain, which means that an intermediate layer or
bridge solution is required to facilitate communication between the wearable device and
the blockchain.

This can introduce additional complexities in designing and implementing blockchain-
based wearables for health-related monitoring.

To define the user experience of our product, an analysis of User Flows of the products
available on the market was conducted with a focus on user interactions, use of blockchain
technology, data collection, and data storage.

We selected several products (Table 1): three blockchain-based products (Patientory is a
health app [56,57], and two others are IoT devices—IoTeX Ucam [58] and IoTeX Pebble [59]).
We also selected one symptom-tracking app (Bearable [60]), three mental health devices
(Apollo [61], TouchPoints [62], and Lief [63]), and one mood companion phygital game
(InTempo [64]).

Table 1. User Flow Analysis of Selected Products.

Product Product Category Use of Blockchain Data Entry
For User Authentication, User Entry, Healthcare
. Data Storage, Data .
Patientory [38,39] Health App A User Reward Providers,
ceess, Lser feward, Third-Party Products
Subscription Payment
IoTeX Ucam [40] IoT For UssggtAlAﬂclsgst;catlon, From the device
For Data Storage, .
ToTeX Pebble [41] ToT Data Distribution From the device
. User Entry,
Bearable [42] Mood Tracking App No Third-Party Products
Mental Health From the use
Apollo [43] Device No of the product
Touchpoints [44] Mental Health No No
Device
. Mental Health From
Lief [45] Wearable No the wearable

From the user
No interactions with the
device and/or app

Mood Companion

InTempo [46] (Device + App)

From the analysis of blockchain-based products, we learned that Patientory uses
blockchain technology for user authentication, data storage, data access, user rewards,
and payments for storage subscriptions [56,57]. IoTeX Ucam uses blockchain for user
authentication and data access only [58], while IoTeX Pebble utilizes blockchain for data
storage and data distribution [59].
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None of the mood/mental health-related products we selected for our analysis utilize
blockchain. The physical devices of those products are collecting the data in a different
manner. For example, Apollo does not collect the data using the device but rather from the
fact of interactions with the product [61], while InTempo tracks user interactions with the
device while it is connected to a smartphone and the user plays a game [64]. Lief collects
the data from the wearable about users and provides users with biofeedback [63].

This analysis was used to define user flows overall and specifically at what steps of
the user flows best to integrate interactions with blockchain technology and how to pass
the data from the device to the blockchain.

For our web app, we implemented a similar experience of mood tracking apps for login,
records retrieval, and uploading new records interactions. To share the data entries from
the device to the blockchain, we decided to use the same web app with a connection to a
cryptocurrency wallet for blockchain transactions as commonly implemented in blockchain-
based apps.

To limit the efforts of the user, we decided to utilize wired communication between
the device and the web app so that the user can charge the device and upload the new data
collected by the device simultaneously.

The results influenced the definitions of User Flows, App Map, User Journey Map,
and Service Blueprint. The regular user interaction is defined as follows:

1. The user uses the device on demand. The device collects data about user interactions
and the user’s heartbeat.

2. The user can connect the device to a web app. If new data is found on the device,
the user is advised to upload it to the blockchain network, providing their notes
and comments if they want to. Once the data is on the blockchain network, it is
permanently deleted from the device.

3. Using the web app, the user can retrieve their previous records from the blockchain.
They can only see them if they are logged in to the wallet they use for interactions
with the blockchain network.

4. The user can grant or revoke access to their data to doctors and/or researchers. They
can get monetary benefits, if applicable, from sharing their data.

3.3. Focus Group Study

We conducted a focus group discussion with six individuals from our target demo-
graphic (24-32 years old, interested in well-being practices and technology). Participants
interacted with the lo-fi prototype and provided feedback on design, usability, and desired
features. The feedback collected was used to inform the next iteration of the prototype.

The prototype was presented to a focus group to validate affordances, tactile properties
and feedback, ergonomics, the influence of peers on the use of the device, and to adjust the
position of the sensor.

The participants were asked to discuss the presented artifact, try using it, and provide
their opinions. Then, they were described in more detail about the product and asked more
precise questions about tactile feedback, shape, materials, and overall playfulness.

The audio transcript of the study was later coded to identify key issues, key potentials,
opinions on material and tactile feedback, and the overall opinion of participants.

To validate the ergonomics and the sensor position, participants were invited to apply
a transmittable colored element (eyeshades) on their hands and try to use the device again
(Figure 4). Later, we could see the most and least touched spots on the prototype.

Feedback from the focus group highlighted the importance of tactile feedback and
ergonomic design, which led to adjustments in the shape and materials used in the next
prototype iteration.
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Figure 4. Participant Applying Transmittable Material on their Hands for an Experiment.

3.4. Anonymous Survey

An anonymous survey was designed to gather information on the types of data users
would find valuable for their well-being practices while using the smart fidget toy. The
survey had an exploratory nature and included general demographic questions, questions
on user experience with wearables and fidgets, and suggestions for additional features.

The survey was developed as an Airtable [65] form and distributed online, targeting
the same demographic as the focus group. We aimed to collect about 30 responses that
were analyzed to identify common themes and preferences, which guided the selection of
data points to be collected by the smart fidget toy and the web app linked to the device
and blockchain network.

The survey had a strict structure; it included both quantitative and qualitative ques-
tions, with the quantitative data revealing trends in user preferences and the qualitative
data providing insights into desired features. The qualitative data was coded by the themes
of the questions in several groups, such as “fidgeting elements” or “important knowledge
for the individual”.

3.5. Development and User Testing of Interactive Wireframes

Based on the user flows, app map technologies selected, and insights from the focus
group and survey, wireframes for the accompanying web application were developed.
These wireframes illustrated all key user interactions with the web app:

1.  Wallet Setup

2. Linking the Device to the Web App

3. Upload the Data Collected by the Device to the Blockchain
4. Shared Access

Each wireframe was initially developed using Whimsical [66], and later, we added
interactivity to it on Figma [67].

To set up the user testing sessions, we created a project on Useberry [68]. The user
testing was made of a few main sections:

1.  Informed Consent

2. Demography and Experience Questionnaire
3.  Test Tasks

4.  Post-testing questionnaire

Seven participants were recruited to test the wireframes through a series of usabil-
ity tasks. We invited young professionals with experience working in the tech sector or
research experience related to blockchain and design to participate. All tests were con-
ducted remotely using Useberry platform [68] in asynchronous modality. Participants were
asked to navigate the web application and simulate all four main user flows. They were
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instructed to provide feedback on the usability, intuitiveness, and overall user experience
of the wireframes.

To improve our design decisions in the next stages, we collected the data about
interactions user completed and how they navigated through the app to complete the tasks
(clicks, misclicks, flows, and time needed) along with their replies to questionnaires.

3.6. Development and Testing of the Mid-Fidelity Prototype

At this stage, we developed a mid-fidelity (mid-fi) prototype of the entire product: the
device and the web app with the link between them.

3.6.1. Device

The physical device was developed incorporating electronic components to simulate
the smart functionalities of the fidget toy. This prototype included Adafruit Qt Py -SAMD21
microcontroller (Adafruit Industries, New York City, NYUSA) with GD25Q16—2 MB SPI
Flash in 8-Pin SOIC package (GigaDevice, Beijing, China) soldered on the back side of it,
Pulse Sensor (World Famous Electronics LLC, Brooklyn, NY, USA) at the bottom, TSWA-
3N-C LFS (C&K Switches, Waltham, MA, USA) rotary encoder with the button, Adafruit
Li-Poly 3.7 V 150 mAh battery (Adafruit Industries, New York City, NY, USA) and Adafruit
Lilon or LiPoly Charger BFF Add-On for QT Py (Adafruit Industries, New York City,
NY, USA).

The 3D model of the device was designed using the Grasshopper plugin inside
Rhinoceros [54]. To ensure the precision of the design, we used the drawing of the rotary
encoder and PPG sensor provided by manufacturers in the datasheets and the 3D models
of all other elements published online by Adafruit [69-72].

Most of the elements were 3D printed using PLA material, while the tips for fingers
were manufactured using a flexible transparent material to provide a comfortable tactile
experience for the user, ensuring the transparency of it for the PPG sensor and simplifying
the manufacturing process.

The electronic elements were assembled inside of the smart fidget, ensuring that all
elements function properly while still providing access to repair its elements.

3.6.2. Software of the Device

The designed code integrates the usage of various components, such as a Pulse Sensor,
a Flash Memory module, and a Rotary Encoder. The code is designed to collect data about
user interaction and their heartbeat and manage this data through flash memory. The
collected data can be recorded, transmitted, or cleared based on the user interaction. The
full code can be found on GitHub [73].

The setup() function initializes all hardware components. The device uses Serial
Communication for debugging purposes but also for managing the communication with
the web app.

The loop() function continuously checks for serial input and manages the system state
(COLLECT, SEND, DELETE) based on received commands on a serial port.

The collect() function handles the core data collection logic:

Tracks the user interactions with the rotary encoder elements.
Reads the heart rate from the pulse sensor, updating the minimum, maximum, and
average heart rate values.

e  Monitors the activity timeout to determine the end of a session, storing the data to
flash memory when the session ends.

The writeFile() function writes the data as a new session in the JSON file if there was
no interaction for the past 5 min. The use of JSON for data formatting ensures that the
collected data can be easily transmitted.
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3.6.3. Web App

The web application was developed to enable users to upload data collected by the
smart fidget toy to a blockchain network. The complete code can be found on GitHub [74].
The web app can be seen in 2 parts:

1.  Frontend Application
2. Smart Contract

The frontend application is a user-friendly interface that allows users to interact with
their data and the blockchain network. The smart contract is a script deployed on the
blockchain network that defines the rules and interactions of the data-uploading process
and its storage and retrieval. The overall user-blockchain interaction happens as described
(Figure 5):

1. The user uses the fidget as a physical device.
2. The user connects the fidget to their device and opens the web app in the browser.
3. Frontend communicates with a smart contract on the blockchain.

Internet Blockchain Layer

Smart

Fidget Toy

Arduino

Smart Polygon zkEVM

Execute
React app Contract Cardona Testnet
User Solidity

Web-browser

Frontend

Figure 5. Architecture of the Web app.

The frontend application was developed using React framework for Javascript [75]
and Tailwind CSS [76] for the visual configuration. The app also uses dayjs library [77] and
Heroicons [78]. The frontend app followed the styles and design patterns defined by the
user testing of the wireframes. We used MetaMask Wallet [79] as a blockchain provider
for simplified development and user interaction. The app was deployed using the Netlify
platform [80].

The smart contract was implemented using Solidity, a programming language specifi-
cally designed for creating smart contracts on the Ethereum blockchain [81], and deployed
in Polygon zkEVM Cardona Testnet [82], ensuring the anonymization of the data uploaded.
The smart contract manages the data to be written in the blockchain and its format, as well
as allowing our app to read the records previously submitted and their details.

The blockchain integration was designed to securely store user data and provide a
transparent record of all interactions.

The web app is made of several pages dedicated to different interactions that use
smaller components for Ul groups and elements to simplify the development and allow
the reuse of the components.

To connect the device to the web app, the user has to connect it with the wire to the PC,
open the web app in the browser, and ensure that they already have the wallet connected
to the selected blockchain network.

The web app uses serial communication to retrieve and delete the data from the device.
The Ul notifies the user if new data is available on the device. User can decide to upload
the data to the blockchain by submitting a form, where they can see the preview of their
records and add more notes and comments if needed. Once the data is uploaded to the
blockchain, it is permanently deleted from the device.
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User can see their previously uploaded records in the calendar. Users can easily see
if there were any records for each day, and by clicking on it, they can see more detailed
information. The calendar was developed using the tutorial [83]. The app additionally
emulates that a researcher requested access to the user’s data.

For the mid-fi prototype, we limited the functionality of the product to the key features:
data collection, data uploading, and mocking the data sharing interaction.

3.6.4. Blockchain Integration

To address the challenges of secure data storage and user-controlled health data
management, we implemented a blockchain solution using the Polygon zkEVM Cardona
Testnet [82]. This choice was motivated by its reduced transaction costs, improved scal-
ability compared to the Ethereum mainnet, and enhanced privacy features, making it
particularly suitable for our application.

Using Polygon zkEVM allows our app to benefit from zero-knowledge proofs that
significantly increase user privacy [84,85]. zkEVM allows for the execution of smart con-
tracts and transactions without revealing the underlying data, providing a higher level
of anonymization than traditional blockchain solutions. This is particularly crucial for
health-related data.

The core of our blockchain integration is a Solidity smart contract. This contract man-
ages the storage and retrieval of data collected by Smart Fidget Toy. The contract’s structure
is designed to handle both daily summary records and detailed session data efficiently.

The contract utilizes two main data structures:

1. Record: stores daily summaries of fidgeting sessions, including average, minimum,
and maximum heart rate data, number of sessions, main fidgeting activity, and
total duration.

2. Session: stores detailed information about individual fidgeting sessions, including
precise heart rate measurements, duration, timestamps, and user comments and tags.

The data flow from the Toy to the blockchain follows these steps:

1. The device collects session data during user interactions.

2. Data is temporarily stored on the device.

3. A user enters the web app on their device using a browser and connects the fidget toy
to the device with a wire.

4. When connected to our web application, the device transfers the collected data.

5.  The web application interacts with the smart contract to upload the data to

the blockchain.

Daily summaries are stored on the blockchain.

Individual sessions are stored on the blockchain.

8. Users retrieve data.

NS

Users interact with their data on the blockchain through our web application, which
connects to their Ethereum MetaMask wallet. When adding new data, the application calls
the appropriate smart contract functions, triggering a transaction that the user must sign.
This process ensures that users maintain control over their data uploads.

3.6.5. User Testing of the Mid-Fidelity Prototype

The user testing of the mid-fi prototype was developed to evaluate the usability and
effectiveness of the Smart Fidget Toy and its integration with the web app, overall interest
in the product, and to understand the value provided by it to the users.

The mid-fi prototype was tested by a group of participants from the target demo-
graphic. Users were given the Toy to use in a lab setting, and data was collected during
active usage periods. Afterward, participants were asked to upload their data to the
blockchain, check their previous records, explore the shared access section, and provide or
reject the request via the web app on the laptop provided by the researcher. Users would
access the app in the browser and connect the device with the wire to the computer.
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Each session was finalized by a semi-structured closing interview, where participants
were asked to provide feedback on their experience with the device and web app and their
feelings about the data sharing feature and the data control management within the app.

Each session was recorded. The user interaction with the web app was additionally
recorded with screen recording.

The audio files were later transcribed and coded into the groups of “errors”, “confu-
sions”, “liked/enjoyed”, and “got curious”. The coded groups were additionally supported
with key screens or video recording frames. Metrics such as task completion time, error
rates, and user satisfaction were analyzed.

4. Results
4.1. Focus Group Feedback on Lo-Fi Prototypes
The focus group discussions provided valuable insights into the design, usability, and

desired features of the Smart Fidget Toy (Figure 6). Six individuals from our target demo-
graphic (24-32 years old, interested in well-being practices and technology) participated.

@) (b)
Figure 6. Low-Fidelity Prototype during Focus Group: (a) participants discussing the low-fidelity

prototype; (b) participants trying to use the low-fidelity prototype.

Key topics covered include perceived usage, ideal size and shape, button placement,
texture preferences, data tracking features, and potential stigma around a visible fidget device.

Overall, the prototype received positive feedback, but suggestions were made to
smooth sharp edges, add grips, hide seams, and collect additional physiological data. No
explicit decisions were made, but action items centered on iterating the design based on er-
gonomic feedback and testing variations in size, shape, materials, and data
tracking capabilities.

Participants appreciated the tactile and interactive nature of the prototype, noting that
it provided a satisfying sensory experience. They especially liked the clicking feedback of
the button, but they emphasized the lack of feedback of the rotary element.

Users easily understand the purpose of the device. The affordance of the rotating
element was clear, though they needed more tips to understand that they also can use the
button to fidget it. The item seemed to be a bit too tall. The item also needs rounded edges.

Users noted that the device is quite noticeable and might be subject to stigma. Nev-
ertheless, they admit that people use other items at workplaces without any shame, e.g.,
softballs. Users became very curious about playing with the fidget. They were trying to get
it from the hands of other participants and play more.

Based on the experiment with transmittable material on the palms of participants
(Figure 7a), we can see four main contact points between their hands and the device: the
tip, “upper part of the surface on the side”, and 40° CW and CCW from it (Figure 7b).
We also noticed that few participants naturally placed their fingers at the central point of
the bottom of the device. That means that the sensor should be relocated, and additional
affordance must be provided.
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(@) (b)

Figure 7. Experiment during Focus Group with Transmittable Material on Hands of Participants:

(a) participant trying the prototype with transmittable material on their hand; (b) low-fidelity
prototype with marks left by participants’ trials after the completion of the study.

4.2. Survey Results

We collected 28 responses. Most (over 95%) of the survey participants fall in the
25-34-year-old range group, which is our target audience. Most of them work in the
creative (over 60%) or tech industries (over 55%). Most of them are quite familiar with the
wearables and even use smartwatches daily. 1/3 of participants fidget a few times a day,
while an equal number almost never do it.

Most users do not find the heartbeat value crucial while fidgeting, though people who
fidget quite often find it more valuable than others (Table 2).

Table 2. Survey Responses to “How important is it for you that the smart fidget device tracks your
heart rate?”.

. Number of Participants o .
Option Selected % of Participants Selected
Very important 1 3.6
Somewhat important 13 46.4
Not very important 8 28.6
Not important at all 6 214

When analyzing the data interests of participants (Table 3), we notice that about 60% of
respondents would like to see the data about the duration of the session and the emotional
state before and after the session. Many participants also found it relevant to know the
intensity of fidgeting, the date and time, specific triggers, and their main activity while
fidgeting. At the same time, a tiny number (7.1%) notably expressed interest in the data
collection about people around them while fidgeting and environmental factors.

Table 3. Survey Responses to “What other metrics or data would you find valuable for the smart
fidget to track and analyze?”.

Number of Participants

Metrics Selected % of Participants Selected

Duration of fidgeting sessions 16 57.1

Intensity of fidgeting sessions 15 53.8

The date and time of the fidgeting session 13 46.4
Environmental factors 9 32.1
Emotional state before and after fidgeting 16 57.1

Specific triggers for fidgeting sessions 13 46.4
People around you while fidgeting 2 7.1

Your main activity while fidgeting 13 46.4

The location while fidgeting 10 35.7
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From the qualitative data of the survey, we could collect information on two main
topics: what and how people use to fidget and what they would expect from the product.

Most respondents mentioned pens and pencils as their most common fidget; many
respondents mentioned using jewelry or simply anything in their proximity. Also, many
emphasized that they use their hair or body parts, especially hands/palms/fingers.

4.3. User Testing of Wireframes

We invited 8 participants from different countries; 6 of them are 25 to 34 years old
with diverse levels of knowledge about blockchain technology.

Most participants managed to complete all tasks and felt confident that they did it
correctly. Most users found Shared Access functionality very valuable. 3 out of 4 tasks took

relatively little time to complete (up to 40 s) with few clicks required by users to accomplish
(Table 4).

Table 4. Overall Quantitative Results of User Testing of Interactive Wireframes.

Test Task Average Median Number Min Number Max Number
Time of Clicks of Clicks of Clicks
Wallet Setup 64.3s 10 10 11
Link Device 1245 2 2 4
Upload Data 36.9s 8 6 16
Shared Access 14.5 3 2 7

4.3.1. Wallet Setup Task

Even though our web app does not include the wallet creation functionality, we
wanted to provide our participants with a more immersive experience by asking them to
complete the creation of a MetaMask Wallet account and installation of its plugin for the
Google Chrome browser.

This process was relatively easy to complete for all users but quite time-consuming
(>1 min), with 10-11 clicks to complete.

4.3.2. Link Device Task

Since we have the interaction between the physical and digital worlds, we needed
to test if this connection is clear to our users. We asked our participants to imagine that
they have a Smart Fidget Toy and to complete a task where they associate their physical
device with their MetaMask Wallet. Most users confidently finished this task without any
wrong clicks.

4.3.3. Upload Data Task

In this task, users are asked to imagine that it has already collected some data. Users
are required to try uploading the data to the blockchain network.

This task seemed much more confusing for the users. From the positions and number
of user clicks on the Upload Page, we can see that many participants did not understand
why they landed at the data uploading form or where they landed at all after connecting the
device to the web app (Figure 8). Based on mouse movement and clicks, we can conclude
that the users were trying to reach the form to upload the data while they were already
there. The form also seemed complicated to understand, and the steps provided to users
were confusing and did not reflect the expected mental model.

Nevertheless, all users completed the task and uploaded their data to the blockchain.
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Figure 8. User Clicks on Upload Page on the Web App.

4.3.4. Shared Access Task

This user flow is about a feature provided by the platform that allows others to access
user data with their permission. It requires the user to decide how to reach the Shared
Access page and reject or decline new requests.

For most users, this task was very straightforward and took the least time to com-
plete, and they took the expected user flow of 2 clicks. Most used the notice message
to check shared access, while one used the dashboard navigation. None used an icon in
the dashboard.

From this experiment, the overall user experience meets user needs and expectations,
but some adjustments are still needed. The Upload Data user flow needs to be redefined
and simplified.

From qualitative replies, we can see that potential users would love to know more
about the benefits of using them.

4.4. Mid-Fi Prototype Testing

We conducted ten user testing sessions among five females and five males. All
participants fall in the 25-36 years old age group. They were asked to try to interact with
the device (Figure 9) and connect it to a web app (Figures 10 and 11).

Figure 9. Mid-fidelity Prototype of Smart Fidget Toy.
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Figure 10. Mid-fidelity prototype of Smart Fidget Toy connected to a Web App.

Figure 11. User Testing Session of Mid-fidelity Prototype.

All participants were excited to try the device after we demonstrated it to them. When
users tried the device, it was noticeable that for some users, the device should be bigger to
fit comfortably, but for users with smaller hand sizes, it was not the case. Even though the
device itself felt “fragile” to users, they enjoyed the fidgeting interactions with the device,
notably the “click” during the rotary fidgeting, which was perceived as “very satisfying”.
However, the clicking interaction could be more explicit.

Users also mentioned that they “wish for more feedforward and feedback” while
interacting with the device. The affordances on the top part of the device seemed evident
to them, while more affordances are needed for the base part.

After the device trial, users were asked to use the companion web app on a laptop.
They easily connected the device to the computer using the wire, entering the web app and
allowing serial communication between them.

On the interface, they were notified about new data availability for upload, and they
followed the procedure. The updated upload form was more intuitive even though some
users did not provide further details about their mood state, etc.

The interaction with MetaMask Wallet was easy for users to complete, thanks to the
supportive texts in the app. Nevertheless, all participants confirmed they needed more
explanations about the elements shown in the MetaMask Wallet popup. Then, users easily
explored previous records.

The users found the Shared Access feature very interesting and were motivated to
share their data for monetary benefits or easier data sharing with their doctors.
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Overall, users expressed interest in the device and the web app. Many of them
mentioned that they needed more explanations or supportive materials. For most of them,
it was easy to complete all the tasks. From the post-testing interview, all users confirmed
unfamiliarity with the blockchain technology. About 30% of participants claimed concern
about how their data is collected, stored, and used. Still, most participants in everyday
life do not take care of the data they produce or share online. Regarding health-related
data, all participants highlighted its importance and their wish to have more control over
it. Moreover, one participant mentioned that “considering the amount of data we give to
[online platform], when I saw the data it collects since I started to use it a long time ago
and underage, I regret there was no one to educate me” (P9) about their data.

5. Discussion
5.1. Key Findings

The study shows that integrating more technologies into fidget toys can significantly
improve their functionality and user engagement. The smart fidget toy developed in this
research successfully collected data on user interactions and health-related data, such as
heart rate, during usage. The proposed web application helps users to interact with the
data and blockchain network. This data can provide actionable insights for users to manage
their moods and for healthcare professionals to offer more informed support.

5.2. User-Centered Design and Iterative Prototyping

The iterative design process, which included multiple phases of user feedback, was
crucial in the development process of the device. Now, Smart Fidget Toy closely aligns
with user needs and preferences. Focus group discussions and surveys provided important
insights into the desired features and functionalities, such as the importance of tactile
feedback, ergonomic design, and the ability to track specific data points like session
duration and emotional state. The user testing sessions with interactive wireframes and the
mid-fi prototype improved overall control over data and acceptability of the technologies
used.

Participants found the device engaging and easy to use but suggested improvements in
the feedback mechanisms and additional support materials to enhance the user experience.

5.3. Impact of Blockchain Integration
5.3.1. Enhanced Data Security

The decentralized nature of blockchain significantly reduces the risk of data breaches.
Unlike traditional centralized systems, where data is stored in a single location vulnerable
to attacks, blockchain distributes data across multiple nodes. This makes it more difficult
for unauthorized parties to alter or access the data. During our testing, users expressed
increased confidence in the security of their health-related data (90%), knowing it was
protected by advanced cryptographic techniques inherent to blockchain and anonymization
provided by it.

5.3.2. User Control and Privacy

Blockchain technology empowers users by granting them complete control over their
data. Users can selectively grant or revoke access to their data, ensuring they maintain
privacy and autonomy over their personal information. This feature was particularly well-
received by participants, who valued the ability to manage their data-sharing preferences
directly. The transparent and user-driven access control model aligns with the growing
demand for personalized data privacy solutions.

Our design requires users to manually initiate data transfers by connecting the device
to a computer. This approach gives users additional control over when their data is
uploaded. It aligns with our goal of enhancing user empowerment and privacy.
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5.3.3. User Engagement

The integration of blockchain also suggested improvements to user engagement. For
example, users could earn tokens for contributing their data to research studies. 70% of
participants found this feature not only easy to use but also beneficial and motivating. This
aspect increased user motivation and promoted more sustained interaction with the smart
fidget toy, making it a more valuable tool.

5.3.4. Computational Challenges

While blockchain technology offers significant benefits for data security and user
control in our Smart Fidget Toy project, it also presents several computational challenges:

1. The Smart Fidget Toy, as a small wearable device, has limited computational power
and storage capacity. This constraint necessitated the implementation of a hybrid
approach where data is temporarily stored on the device and later uploaded to the
blockchain via a web application.

2. We implemented an intermediate web application that bridges the smart fidget toy
and the blockchain network. The web application handles all blockchain-related
computations when users connect the device to a computer via a wired connection.
This includes data serialization, encryption, transaction creation, and communication
with the blockchain network.

3. Data collection is optimized to occur only during active user interaction with the
device. Limiting data capture to these periods reduces unnecessary processing and
conserves the device’s memory and battery life. The collected data is formatted into
lightweight JSON files, facilitating efficient storage and quick transfer to the web
application upon connection.

4. We chose the Polygon zkEVM Cardano Testnet as our blockchain platform due to its
compatibility with Ethereum smart contracts and its efficiency in processing trans-
actions. This network offers lower transaction fees and faster confirmation times
than other platforms, reducing the computational load and cost associated with
data uploads.

5. Insmart contract design, minimizing gas costs and improving overall system perfor-
mance was crucial. Our iterative development process included multiple rounds of
code optimization and gas usage analysis to ensure efficient blockchain interactions.

These challenges required careful consideration in designing and implementing our
blockchain-based solution for the smart fidget toy. By acknowledging and addressing these
computational aspects, we aimed to utilize the benefits of blockchain technology without
compromising the user experience or the practical functionality of the device.

5.4. Challenges and Limitations

The development process highlighted several challenges, particularly related to inte-
grating sensor technologies and the complexity of user interactions with blockchain-based
systems. The requirement for an intermediate layer to facilitate communication between
the wearable device and the blockchain added complexity to the design and significantly
influenced design and development decisions. Additionally, the physical design of the
fidget toy needed continuous adjustments to balance the inclusion of electronic components
with user comfort and tactile satisfaction.

This study included only limited interactions with the device and web application.
User testing sessions were conducted with a task list provided to the participants. Future
research should explore the long-term effects of using blockchain technology for health
data. Additionally, further refinements in the device’s design and functionality, including
more advanced sensor integration and enhanced user interaction features, will be necessary
to improve its effectiveness and user satisfaction.

134



Sensors 2024, 24, 6582

6. Conclusions

The Smart Fidget Toy developed in this study represents an advancement in wear-
able technology for the health sector using blockchain. Combining user-centered design
techniques and the security features of blockchain technology, the device offers a novel
approach to mood, stress, focus management, data collection, storage, and sharing. The
iterative design process and continuous user feedback ensured that the product met the
needs and expectations of its target audience. Moreover, it helped to improve user ac-
ceptance of the new technologies, making it not only a valuable tool for users, healthcare
providers, and researchers but also providing insights on the design decisions to be taken.

To sum up, similar projects can follow the development process as described:

1. Concept Development

e Initial Research: Investigate existing products and identify gaps where technol-
ogy can improve functionality.

e  Define Objectives: Outline the specific goals of the product, focusing on user
needs and potential user benefits.

e  Comparative Analysis: Analyze similar products to refine user flows, data inter-
action, and overall experience.

e  Technology Integration: Research security and implementation challenges of the
suggested technologies.

2. Iterative Design Process

e  Low-Fidelity Prototyping: Start with basic prototypes involving stakeholders to
shape the initial concept and get early feedback on the physical and technological
aspects.

e  User Feedback: Conduct focus groups, user testing sessions, and surveys to
gather early insights on usability, desired features, and ergonomic considerations.

e Refinement: Continuously improve the design based on user feedback.

3. Blockchain Integration

e  Data Security: Make sure that the user data is securely stored and transmitted in
the most secure manner.

e  User Control and Transparency: Enable user-controlled data access and trans-
parency in data transactions and access history to build trust and ensure privacy.

Key Considerations:

e  User-Centered Focus: Maintain a strong focus on the user’s needs and preferences
throughout the project to ensure the product is intuitive and meets the intended
needs effectively.

e  Technology Suitability: Evaluate and select technologies for their innovation and
practical benefits in terms of security, privacy, and user engagement.

e  Iterative Development: Leverage iterative design and testing processes to continually
improve the product based on actual user interactions and feedback.

e  Stakeholder Engagement: Engage with all stakeholders, including potential users,
healthcare professionals, and technology experts, throughout the development process
to align the product with broader system requirements and user expectations.
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Abstract: Advancements in neural network approaches have enhanced the effectiveness of surface
Electromyography (sEMG)-based hand gesture recognition when measuring muscle activity. How-
ever, current deep learning architectures struggle to achieve good generalization and robustness,
often demanding significant computational resources. The goal of this paper was to develop a robust
model that can quickly adapt to new users using Transfer Learning. We propose a Multi-Scale
Convolutional Neural Network (MSCNN), pre-trained with various strategies to improve inter-
subject generalization. These strategies include domain adaptation with a gradient-reversal layer
and self-supervision using triplet margin loss. We evaluated these approaches on several benchmark
datasets, specifically the NinaPro databases. This study also compared two different Transfer Learn-
ing frameworks designed for user-dependent fine-tuning. The second Transfer Learning framework
achieved a 97% F1 Score across 14 classes with an average of 1.40 epochs, suggesting potential for
on-site model retraining in cases of performance degradation over time. The findings highlight
the effectiveness of Transfer Learning in creating adaptive, user-specific models for sEMG-based
prosthetic hands. Moreover, the study examined the impacts of rectification and window length,
with a focus on real-time accessible normalizing techniques, suggesting significant improvements in
usability and performance.

Keywords: surface electromyography (sSEMG); hand gesture recognition; transfer learning; deep
learning; domain adaptation; prosthetic hands; real-time systems; user-specific models; gradient-
reversal layer; self-supervised learning; NinaPro database; triplet margin loss; fine-tuning; signal
processing; adaptive systems

1. Introduction

Deep learning has achieved important improvements in surface Electromyography
(SEMG) recognition systems, supporting the development of sophisticated prosthetic de-
vices, despite the intrinsic complexity of sSEMG signals. However, many challenges remain,
including catastrophic forgetting, cross-user adaptation, and robustness in real-time perfor-
mance [1].

Motor neurons play a crucial role in converting brain information into muscle move-
ment [2]. The Motor Unit (MU), which consists of a motor neuron within an innervated
muscle fiber, is the fundamental unit of control. The union of numerous MUs generates
Motor Unit Action Potentials (MUAPs) [3] that eventually induce movement. The EMG
signal acquired from the sensing devices represents the discharge properties of the Motor
Units, expressing MUAP convolution in both time and space [4,5]. Typically, EMG signals
have an amplitude of around £5000 1V and a frequency range between 6 and 500 Hz, with
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the most important frequency power being between 20 and 150 Hz [6]. Surface Electromyo-
graphy (sSEMG) is a non-invasive approach to hand gesture identification in the myoelectric
control of prosthetic devices [7].

The key advantage of SEMG over other techniques, such as implanted electrodes, is its
simplicity in collecting and analyzing muscle electrical data, allowing users to use their
prosthetic limbs naturally through muscle activation patterns that can resemble the user’s
original hand movements. Despite substantial developments in this sector, sSEMG-based
control systems in practical applications still face obstacles [8]. In particular, unpredictable
real-life situations that differ significantly from controlled laboratory conditions can bias
real-world performance compared to a controlled environment [9,10]. These variations can
strongly affect the shape and intensity of the signal, lowering the performance of sSEMG-
based control systems. Typical examples of these variations include electrode shift [11],
unpredictable changes in skin electrode impedance [12], muscle fatigue, and alterations
in residual limb posture [13]. As a result, achieving precise control over daily activities
becomes challenging.

Many efforts have been made to investigate novel ways to improve the capabilities of
myoelectric control, in order to overcome these constraints. Recent advancements have
suggested the use of a larger number of SEMG electrodes placed around the residual limb,
combined with sophisticated machine learning techniques, [14]. Nevertheless, increasing
the number of electrodes complicates the network, increases expense, and may not always
be feasible, given the arm’s remaining fraction.

As prosthetic devices improve their functionality to restore the full capabilities of a
missing limb, their regulation becomes increasingly challenging [15]. Therefore, new control
paradigms and algorithms are being investigated to optimize grasping and manipulation
tasks in diverse real-world circumstances.

Deep learning has emerged as a powerful solution in multiple areas of study, such
as natural language processing, computer vision, and speech recognition [16]. Deep
learning techniques have been applied to improve the precision and reliability of EMG-
based gesture recognition systems, and this success has been mimicked in the field of
electromyography analysis.

Atzori et al. [17] were among the first to apply Convolutional Neural Networks
(CNNSs) to recognize EMG patterns. Geng et al. [18] used HD-sEMG data to show the
capabilities of CNNs in distinguishing between hand gestures. Their findings revealed
how well deep networks can learn complex patterns in this domain. By extending this
strategy with a multi-stream divide-and-conquer CNN architecture, Wei et al. [19] increased
recognition accuracy over single-stream CNNSs.

Hu et al. [20] investigated the incorporation of Recurrent Neural Networks (RNNs)
into CNN design, and they presented a hybrid CNN-RNN network. Compared to con-
ventional machine learning methods, this architecture showed improved generalization
capabilities using unique sEMG picture representations. Progressive Neural Networks
(PNN5s) were used by Allard et al. [21] to transfer information from a source domain to
a target domain. Based on this, they subsequently improved the PNN technique and
demonstrated its efficiency with increasingly complicated gesture datasets [22].

Research has also explored the use of Transfer Learning (TL) to reduce training load
and to enhance generalization. By pre-training a source model on various participant
data, research has been able to enhance recognition accuracy when applied to the hand
motions of a different target participant. Wang et al. [23] specifically proposed an Iterative
Self-Training Domain Adaptation (STDA) method for cross-user sEMG recognition, com-
bining discrepancy-based alignment and iterative pseudo-label updates. Islam et al. [24]
developed a lightweight All-ConvNet+TL model that efficiently tackles inter-session and
inter-subject variability, which successfully enhances the accuracy and speed of sSEMG
gesture classification, making it well suited for real-time applications. Nguyen et al. [25]
took a different approach by introducing a Frequency-based Attention Neural Network
(FANN) combined with Subject-Adaptive Transfer Learning.
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Despite advances in TL for EMG pattern recognition, several challenges still need to be
overcome. Current deep learning solutions have limits, in terms of long-term reliability and
adaptability to new gestures or users [26,27]. Indeed, the user can benefit from the option
to adapt and/or include new gestures into the model’s repertoire of recognizable gestures.
Researchers in this field have shown that deep learning may be the key to enhancing the
precision and robustness of SEMG-based control. Problems such as long-term dependability,
adaptation to new motions [28], and muscle activation coverage should be addressed as
well [29]. Furthermore, in the case of prosthetic devices, user adaptation, energy usage,
and inference time must all be considered.

The key objective of this study was to enhance model generalization among patients,
to reduce individual variability, hence facilitating quick user adaptation through Transfer
Learning. It also targeted key challenges in sSEMG-based hand gesture recognition for
prosthetics, prioritizing low-computation interfaces and efficient data splitting techniques.

To achieve these goals, different pre-processing steps, including rectification, window
length, and normalization procedures, were analyzed. The study also investigated Transfer
Learning with few-shot learning for new user fine-tuning. In the end, to evaluate gener-
alization, we employed an adversarial network with gradient-reversal descent [30] and
self-supervision with triplet margin loss [31].

2. Material and Methods

An extensive analysis of the methodologies adopted is provided in this section. It starts
by describing the data used to assess model performance and their acquisition protocol.
Two data splitting strategies, inter-subject and intra-subject, are then introduced, followed
by a detailed description of the model structure, along with the training strategies employed
for pre-training the model backbone. The Transfer Learning framework description is then
presented. Finally, data pre-processing, normalization strategies, and parameter tuning
methodologies are discussed.

2.1. Data Acquisitions

Several publicly accessible datasets were used for the model evaluation, specifically
the NinaPro DB2, DB3, and DB7 databases, for which the details are listed in Table 1. The
setup used Delsys Trigno electrodes for sEMG data acquisition. The subjects mimicked
40 hand gestures, each repeated six times with 3 s of rest between exercises. Visual stimuli
were presented on a laptop, and relabeling was performed to account for delays. The
acquisition protocols for these databases are described in further detail in [32].

A subset of 14 gestures was selected from the available gestures based on the Activ-
ities of Daily Living (ADL) shown in Figure 1. This selection was made to balance the
trade-off between number of gestures and accuracy, as the study was tailored for a real
prosthetic device.

Table 1. Description of NinaPro databases used. The subjects column refers to the number of patients
performing the gestures, while repetitions refers to the number of iterations of the same gesture.

Name Subjects Channels Classes Repetitions Frequency Device
DB2 40 12 41 6 2000 Hz  Delsys Trygno
DB3 11 (A) 12 41 6 2000 Hz Delsys Trygno
DB7 20+2(A) 12 41 6 2000 Hz  Delsys Trygno

Note: In the context of this study, the letter A in Subjects designates amputees.
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Medium Wrap Lateral Extension type Tripod Power Sphere Power Disk Prismatic Pinch

Index Extension Thumb Adduction Prismatic 4 fingers Wave in Wave out Fist Open Hand

Figure 1. Selected hand gestures from Activities of Daily Living (ADL).
2.2. Data Splitting

The experimental strategy included two data splitting strategies: inter-subject and
intra-subject. Inter-subject involved training on data from one group of patients and
validating on another; intra-subject involved training, validating, and testing on different
repetitions of the same gestures from the same pool of subjects.

For both split modalities, 15 subjects (12 healthy individuals and three amputees) were
set aside to be used as test subjects for Transfer Learning. In the first method, to cover a
maximum variability, the remaining patients were randomly divided, with 80% used for
training and 20% for validation.

With regards to the intra-subject method, three repetitions were used for training (2, 4,
6), two for validation (1, 5), and one for testing (3). This division was introduced to account
for variables such as muscular fatigue, which can induce signal fluctuations [33].

Additionally, the 15 subjects initially excluded and selected for testing Transfer Learn-
ing could also be used in both splitting methodologies to evaluate model performances over
unseen subjects. This enabled a subsequent assessment of the Transfer Learning framework
for user-specific fine-tuning. Both the intra-subject and inter-subject approaches applied
Transfer Learning to new subjects, allowing a comparative evaluation of their effectiveness.

2.3. Data Pre-Processing and Normalization Strategies

The pre-processing involved filtering, windowing, rectification, and normalization.
These strategies were selected as they did not require a significant computational effort,
which is an important constraint given the expected application for real-time prosthesis
use and its associated requirement for energy and efficiency and speed [34]. In order to
obtain an informative bandwidth from 10 to 500 Hz, these data were filtered applying a
fourth-order bandpass Butterworth filter [35]. Additionally, a notch filter at 50 Hz was
applied, to remove power-line interference.

Different windows were employed, each with a 75% overlap. These windows com-
prised 100, 150, 200, and 250 milliseconds. Using overlapping windows reduced infor-
mation loss at each window boundary, resulting in a more accurate representation of the
signal’s temporal features.

Normalization has long been used to reduce heterogeneity in electromyographic data
and to mitigate substantial inter-subject variability [36]. Three normalization strategies
(range [01], range [—1,1], and Z-Score) were evaluated in two ways: normalization by
subject and normalization by subject and channel [37,38].

The first approach relies on the calculation of subject-specific metrics from all channels
combined, which includes mean, standard deviation, minimum, and maximum. The
second approach, working at the channel level, is less likely to be influenced by artifacts,
spikes, and noise-related channels [39].

2.4. Model Structure

The architecture of the proposed Multi-Scale Convolutional Neural Network (MSCNN)
model is shown in Figure 2. This figure provides a clear representation of the model’s
structure and the relationships between its various components. For a more detailed
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understanding of the data flow within the MSCNN, refer to Table 2, which outlines each
step and operation in the process.

-~
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Figure 2. Architecture of the Multi-Scale CNN model.

The MSCNN model is composed of four distinct parts, each serving a unique purpose.
These components are as follows:

Part 1)

Part 2)

Part 3)

Part 4)

As seen in Figure 2, this part is divided into two distinct blocks. Block 1 aims to
extract features to capture the spatio-temporal patterns in the sSEMG signal. The
multichannel sEMG signal is represented as an image for each sample.

A set of five filters, sized (W x 3, 2*W x 3, 3*W x 3, 4*W x 3, and 5*W x
3) are employed in Block 1, where W is selected as 1/20 of the chosen window
size. The selection of these sizes was driven by the need to parameterize the
model consistently across different window sizes to facilitate parameter tun-
ing and comparison. Larger filter sizes correspond to lower-frequency related
characteristics and vice versa.

Each feature map output from the parallel convolutions of Block 1 is then fed
into Block 2. Block 2 has a similar structure and uses five additional convolution
layers with fixed 3 x 3 filter sizes. In Block 2, separable convolutions are used
to reduce the number of trainable parameters, and the number of neurons in
each layer is always doubled compared to the previous ones. Furthermore,
the dropout layers and Batch Normalization (BN) layers in both blocks are
implemented to increase the MSCNN model’s overall generalizability.

The main objective of this part is to reduce the dimensionality of the feature
maps that come from Part 1 and then fuse them. After Part 1, the number of
feature maps is reduced from 320 (64 x 5) to 128 by using 1 x 1 filters in this
convolutional layer. The 1 x 1 convolution prevents the use of fully connected
layers, thereby decreasing the number of parameters and preventing overfitting.

Part 3 allows the model to extract deeper features by employing other separable
convolutional layers, which reduces the number of parameters and, hence, the
computational load, an essential requirement for embedded applications.

The final stage of the model involves converting the obtained features to class
probabilities for classification. This is accomplished by combining two com-
pletely connected layers that process the deep features previously collected.

Notably, in Part 1, a customized Conv2D layer is used for the first parallel convolutions.
This layer employs zero padding along the temporal axis and circular padding along the
first 8 channel axes to preserve spatial relationships between electrodes.

The rationale for this approach is evident considering the acquisition setup of the
databases, where the initial eight electrodes around the arm are organized in a circular
arrangement. This padding accounts for preserving spatial patterns, as converting a circular
architecture to a linear representation might result in loss or distortion of vital information.
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Table 2. Detailed structure of the model and data flow. The number before the layer type represents
the number of parallel layers of the corresponding type, e.g., 5-Conv2D represents five conv2D
layers. The first dimension (kernel size) of the first set of parallel Conv2D_Circular8 layers in-
creases linearly from a lower value to an upper value. The increment between each kernel size is
W = window length/20 (window length fixed at 300 here).

Part Layer Type K;:ir;eel Output Size Activ Options
1-Input - 1/300 x 12 - -
5-Conv2D_Circular8 [15-75] x3  32/300 x 14 ReLU pad = ‘circular’
5-BatchNorm2D - 32/300 x 14 - -
5-MaxPooling2D 15x1 32/20 x 14 - -
1 5-Dropout2D - - 20 x 14 rate=0.2
5-SeparableConv2D 3x3 64/20 x 14 ReLU pad =0
5-BatchNorm2D - 64/20 x 14 - -
5-MaxPooling2D 2x2 64/10 x 7 - -
5-Dropout2D - 64/10 x 7 - rate = 0.2
) 1-Concatenate - 320/10x 7 - -
1-Conv2D 128/1 x 1 128/10 x 7 ReLU -
1-SeparableConv2D 3x3 256/10 x 7 ReLU pad =0
1-BatchNorm2D - 256/10 x 7 - -
1-MaxPool2D 2x2 256/5 x 3 -
1-Dropout2D - 256/5x 3 - rate = 0.2
3 1-SeparableConv2D 3x3 256/5x 3 ReLU pad=0
1-BatchNorm2D - 256/5 x 3 - -
1-MaxPool2D 2x2 256/2 x 1 - -
1-Dropout2D - 256/2 %1 - rate = 0.2
1-Flatten - 512 - _
4 1-Linear - 128 ReLU -
1-Linear - 14 SoftMax -

2.5. Model Pre-Training Strategies

This study employed three training strategies for the backbone of the model before
applying Transfer Learning: standard training, pre-training with triplet margin loss, and
domain adversarial network with gradient-reversal implementation.

Standard training involves a typical classification task using the softmax function and
cross-entropy loss at the end of the linear layers, to predict class probabilities.

Triplet margin loss enhances domain adaptation by learning data representations that
increase the similarity between positive pairs and separate negative pairs in the embedding
space. The loss is defined as

Liriplet = ) [max(0, margin + d(a;, p;) — d(a;, n;))], 1)

1

where a; is the anchor sample, p; is a positive sample, 7; is a negative sample, and margin
specifies a minimum distance between positive and negative pairings. In our example, a
positive sample is considered as a “different subject with the same label”, while a negative
sample is simply identified by a different label. This technique drives the model to improve
discrimination between subject-specific features, allowing for effective classification in the
following trials.

The gradient-reversal technique penalizes the primary model loss function depending
on the performance of the domain classifier, encouraging the model to learn features that
are domain-invariant (different subjects). The objective function to be reduced is expressed
as follows:

145



Sensors 2024, 24, 7147

1 1
min — ) Le(fiyi) = A~ — ) La(gjd)), @)
n i=1 m j=1

Here, L, is the classification loss and L; is the domain classifier loss. The parameter
A determines the trade-off between classification and domain loss. The approach applies
an exponential scaling factor to shift the model’s attention from classification task to
domain-invariant learning across training epochs.

As illustrated in Figure 3, the embeddings for the triplet margin loss are extracted
from the output of the flatten layer in Part 3, which directly precedes the classification head.
In the domain adversarial network with gradient reversal, an additional head, identical
to Part 4, is integrated into the model architecture connected to the output of Part 3. The
objective of this secondary head is to classify subjects, thereby encouraging the backbone
to become invariant to subject-specific features.
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Figure 3. Diagram illustrating the architecture used during pre-training with triplet loss and gradient
reversal. The two black dotted lines indicate the portions of the model retrained under two different
configurations: last and middle.

2.6. Transfer Learning Framework

Two different fine-tuning approaches were tested, as depicted in Figure 3. In the first
approach, referred to as last, only the two final linear layers from Part 4 were retrained,
for a total number of ~70,000 trainable parameters. In contrast, for the second framework,
named middle, only the Part 1 and Part 2 layers were frozen, leading to ~200,000 train-
able parameters.

Experiments were conducted with varying data quantities to be used in retraining
(from 1 to 4 repetitions) for each subject. For each amount of data, the model was re-trained
five times by varying the combination of repetitions. This allowed us to observe the model’s
behavior and its vulnerability to overfitting during the fine-tuning process.

Moreover, dividing data into several repetitions mimicked a real-world online scenario in
which the model has no prior on the specific validation and test iterations of the same exercise
beforehand. This allowed us to assess the ability to adapt to unseen data more realistically.
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To minimize the impact of randomness and to obtain a more reliable comparisons
between backbones, a 5-fold cross-validation was used. This means that for each subject in
the test group, we trained each pre-trained model five times, each with a different number
of repetitions for re-training. In each fold, a different set of repetitions was employed
for validation and testing, ensuring the model performance was evaluated on unseen
repetition-specific data across all folds.

This approach provided a more robust and reliable assessment of the generalizability
of the models and the ability to handle variations in data.

2.7. Hyperparameter Optimization Using Grid Search

Hypothetical correlations between normalization techniques, activation function,
and rectification were also investigated. Once the model was fully parameterized, three
exhaustive grid searches were performed by varying the normalization methods. These
searches were used to evaluate the impact and effectiveness of the hyperparameters listed
in Table 3. For this experiment, an intermediate window of 300 points, corresponding to
150 ms, was chosen. This ensured that there was sufficient time (=100-150 ms) to process,
infer, and perform movements of the prosthetic hand before reaching the critical threshold
of 300 ms, considered as the upper limit for the user to perceive a real-time control [40,41].

Interestingly, one search focused on the effects of the [—1, 1] normalization method,
particularly on the impact of forcing values into the positive range (e.g., rectification,
Z-score) over information preservation. For more details, see the "Hyperparameter Opti-
mization via Grid search’ subsection in the ‘Results’ section.

Table 3. This table presents the hyperparameters explored in the grid search. The keys N_Multi-
kernel, N_Post-Concatenation, and N_Separable_Conv represent the number of neurons in the hidden
convolutional layers of Parts 1, 2, and 3, respectively. Notably, in Part 1, Block 2 always employed
twice as many hidden neurons as Block 1. The bold values are the ones selected for the tuned model.

Hyperparameter Values Chosen
Batch size 64,128, 256, 512
Optimizer SGD, Adam
Learning rate 1x1072,1x1073,1x1074,1 x 107>
Decay rate 0,1x1072,1x1073,1x107%1x 107>
Activation function ReLu, LeakyReLU, ELU, PReLU
Pooling type MaxPooling, AveragePooling
N_Multi-kernel 16, 32, 64, 128
N_Post-Concatenation 64,128, 256
N_Separable_Conv 64,128, 256

3. Results

This section begins with an evaluation of the effect of the window length. It then
presents the results of the grid search technique used for the hyperparameter tuning.
Following this, the performance of the model across the databases is showcased, before
delving into the main aspect of Transfer Learning.

The middle Transfer Learning framework achieved accuracy of 98% + 0.02 on a new
subject after retraining for just two epochs over four repetitions within a 150 ms win-
dow, demonstrating the model’s potential for real-time application. The code is available
at GitHub.

147



Sensors 2024, 24, 7147

3.1. Window Length Impact

This subsection compares the various window sizes for the intra-subject experiment
on the combined database. Windows of size 200, 300, and 400 points, corresponding to 100,
150, and 200 ms, respectively, were tested with the fixed parameters showed in Table 2.

Furthermore, a 20 ms window (comprising 40 points) was chosen, considering the
potential use of a majority voting strategy, as this has been shown to be a valid option to
improve reliability [42]. The results shown in Table 4 highlight the significant performance
drops associated with the smallest window size, as expected. No substantial differences
were observed among the other three window sizes. Consequently, subsequent experiments
were conducted using only the 200- and 300-point windows, as they are more suitable for
real-time prosthesis control.

Table 4. Performance metrics for several window lengths over the merged database. Bold values
indicate the best in each metric.

Window Length (ms) Validation Loss Accuracy F1 Score Best Epoch
100 0.976 £ 0.011 0.775 £ 0.012 0.720 + 0.010 62+42
150 0.971 + 0.017 0.778 + 0.015 0.713 £ 0.012 51 +£3.7
200 0.988 £+ 0.019 0.769 £ 0.016 0.718 £ 0.014 56 £3.5
20 1.340 £ 0.025 0.689 + 0.024 0.607 £ 0.019 36+4.7

3.2. Hyperparameter Optimization via Grid Search

From the very first experiments, the channel-dependent normalization mode revealed
a clear benefit, since it was better at mitigating errors or abnormalities that were present
in some channels. For this reason, the results presented were all performed with channel-
wise normalization.

The grid search was performed employing several normalization techniques. For
this evaluation, the standard training algorithm was used over the merged database with
intra-subject splitting.

Table 5 summarizes the best three configurations identified using three grid searches
with changing normalization techniques. For each of them, 20 models were generated,
employing a fixed window length of 300 time-points, that is, with a 2000 Hz Delsys Trigno
Device, 150 ms per window. For better readability, the table excludes the parameters that
seemed to have minimal impact on performance. In particular, parameters such as the
number of neurons in N_Multi-kernel, N_Post-Concatenation, and the maxpool type
were omitted, as they were consistent across the top three configurations.

Table 5. The three best model configurations resulting from grid searching, varying the normalization

strategies.

Norm Type  Rectification Accuracy F1 Score N_SepConv Activation
Z_score Yes 0.8068 0.7514 256 PReLU
Z_score Yes 0.7971 0.7451 256 LeakyReLU
Z_score Yes 0.7893 0.7325 256 LeakyReLU

Range (—1; 1) No 0.7826 0.7280 128 ELU
Range (—1; 1) No 0.7722 0.7217 128 ELU
Range (—1; 1) No 0.7758 0.7187 256 LeakyReLU
Range (—1; 1) Yes 0.7399 0.6692 128 PReLU
Range (—1; 1) Yes 0.7487 0.6749 128 PReLU
Range (—1; 1) Yes 0.7338 0.6610 128 PReLU

Compared to other normalization methods, Z-score normalization exhibited better
accuracy and faster convergence, in line with other studies [43]. However, the top three
configurations when exploiting normalization within the range (—1; 1) and no rectification
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achieved similar performance with half the number of neurons in the N_Separable_Conv
layers of Part 3 of the architecture. This suggests that accounting for negative values may
allow the model to learn effectively with a simpler architecture. In contrast, the last three
rows show that rectifying the value and then normalizing between (—1; 1) might distort
information, leading to important performance drops.

3.3. Model Performance Across Databases

In Table 6, the performance of the fine-tuned standard model with respect to the
different databases for the intra-subject modality are summarized.

Table 6. Performance metrics over different databases.

Window 100 ms Window 150 ms
Database
Accuracy F1 Score Accuracy F1 Score
DB3 0.503 £ 0.012 0.454 + 0.004 0.508 £ 0.022 0.458 £ 0.012
DB2 0.824 £+ 0.010 0.770 £ 0.016 0.819 + 0.009 0.768 £ 0.016
DB7 0.856 & 0.005 0.797 £ 0.004 0.862 £ 0.007 0.796 £ 0.010
Merged 0.789 £ 0.011 0.741 £ 0.009 0.798 £+ 0.014 0.768 £ 0.011

DB3 exhibited the lowest performance, likely due to higher variability among amputee
subjects.

Moreover, there was a noticeable shift in the dynamics of the performance, especially
for DB2 and DB7. Interestingly, DB7 had the best precision, despite having two amputee
patients. One possible explanation for this phenomenon could be that because DB7 had
only 22 subjects, compared to the 40 of DB2, the model tended to overfit on the subjects
employed, which improved its overall accuracy.

Meanwhile, because DB3 was included in the composite database, its performance
inevitably suffered as a result. Still, a respectable level of accuracy was obtained, most
likely as a result of exploiting more data during training, which typically results in the
development of more reliable models. To leverage the benefits of a more comprehensive
data pool, all future experiments will be performed using the merged database.

3.4. Transfer Learning Framework Effectiveness

In this section, we examine the effects of several techniques on final-user fine-tuning
within the Transfer Learning framework. In this context, final-user fine-tuning refers to the
process of personalizing the model for users who will be using a myoelectric-controlled
prosthesis for hand gesture recognition. The previously excluded subjects are used as new,
unseen patients for applying Transfer Learning and re-training on the subject-specific data.
All the training was conducted using a Tesla V100-PCIE-32GB GPU (NVIDIA Corporation,
Santa Clara, CA, USA) with CUDA version 12.1. The average inference time, measured
over 100 single-batched samples, was 3.16 + 0.31 milliseconds.

Table 7 shows the last experiment, where only Part 4 of the model architecture was
retrained. The results show the average and standard deviation over the 15 subjects that
were previously discarded from training and validation. The F1 Score is also shown, to
account for the slightly imbalanced dataset. This table includes several window sizes,
pre-training algorithms, and splitting modalities.

The table provides useful insights. First, the intra-subject partitioning produced the
best results for regular training. This was most likely due to the model’s ability to train
over multiple epochs, as opposed to patient splitting, which stops early due to overfitting
over training subjects.
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Table 7. Average performance for the 15 previously excluded patients for TL-last experiments,
by retraining only Part 4 for four repetitions. Results are shown for the two pre-training data
splitting approaches: inter-subject and intra-subject. Bold values indicate the best performance across

different configurations.

intra-Subject

Inter-Subject

Backbone Training Window 100 ms Window 150 ms Window 100 ms Window 150 ms
Accuracy F1 Score Accuracy F1 Score Accuracy F1 Score Accuracy F1 Score
Standard 0.87 020 0.864+0.20 090+018 0.90+0.18 083+£019 0.83x019 086+019 0.86=+0.19
Pre-triplet 0.66 £0.19 0.664+020 068019 0.67+£020 053+£019 050020 0.66=+0.18 0.65=+0.19
Reversal 0.844+018 0.844+019 0874017 087+017 085+0.18 0.84+0.18 0.88+0.16 0.87 £0.16
Reversal Amputee 0.84+019 0844020 0884018 0.87+0.18 084+019 083+£020 087+£0.18 0.87£0.19

The inter-subject splitting precluded the model from learning invariant features during
standard training. In this scenario, the adversarial network outperformed all the others,
showing that it had successfully learned some invariant properties. This pattern was also
seen in the reverse amputee training, which ranked second in the inter-subject trials.

Self-supervision with triplet margin loss performed poorly. During pre-training, it did
not use task loss, and simply forcing embeddings with triplet loss did not provide useful
insights into this challenging problem.

Figure 4 shows the variability among individuals, with a focus on the stronger ones
between amputees. This graph, based on the inter-subject experiment with the reversal
backbone, shows the difference in accuracy values for healthy people alone versus the
complete group, including amputees.

—e— All Subjects T
L0 7 —s— Healthy Subjects T

o
o2]
1

Accuracy = Std
=
[=a]
i

[=}
=Y
1

0.2 1

Mean Mean Mean Mean
Epochs: 2.07 | | Epochs: 1.96 | | Epochs: 1.82 | | Epochs: 2.04

0 1 2 3 4
Number of Repetitions used for training

Figure 4. Performance averaged across 12 healthy patients and three amputees for the Transfer
Learning last with varying numbers of repetitions. Where X = 0 (no retraining), this reflects the
average results of testing over new, unseen subjects.

The increased standard deviation observed when the pool of 15 subjects included the
3 amputees is clear, mostly considering that the number of amputees was 3 out of 15. In
particular, the number of epochs averaged across all the individuals was, on average, less
than two, demonstrating that Transfer Learning does not require extensive and computa-
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tionally expensive training sessions. However, the success of Transfer Learning relies on

the consistency of the data used during pre-training within the selected subject.
Figure 5 exemplifies this challenge. It showcases the results of the TL framework for

the three amputees with the reversal backbone pre-trained with inter-subject splitting.
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Accuracy
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=== Window 300

Number of Repetitions used for training

2 3

Figure 5. Comparison of the TL last for the three amputees. Model backbone pre-trained with reversal
gradient and inter-subject splitting technique.

Table 8 shows the middle experiment, where both Part 3 and Part 4 of the model’s
architecture were re-trained. The results show the average and standard deviation over
the 15 subjects that were previously discarded from training and validation. The F1 Score
is also shown, to account for the slightly imbalanced dataset. This table includes several
window sizes, pre-training algorithms, and splitting approaches.

Table 8. Average performance for the 15 previously excluded patients for the TL-middle experiments,
by retraining both Part 3 and Part 4 for four repetitions. Results are shown for the two pre-training
data splitting approaches: inter-subject and intra-subject. Bold values indicate the best performance

across different configurations.

Intra-Subject

Inter-Subject

Backbone Training Window 100 ms Window 150 ms Window 100 ms Window 150 ms
Accuracy F1 Score Accuracy F1 Score Accuracy F1 Score Accuracy F1 Score
Standard 0.98 +-0.02 0.984+0.02 098+0.02 098+0.02 095+0.04 095+0.04 096+£0.03 0.96=£0.03
Pre-triplet 0944004 0944004 0954003 0954003 093+005 093+0.04 095+0.02 0.95=£0.02
Reversal 0954+0.05 0954005 0974003 097+0.03 095+005 095+0.06 0.97+0.03 0.97+0.03
Reversal Amputee 095+£0.05 095+005 097+0.03 097+0.03 094+£005 094+0.05 096=+0.03 0.96=+0.03

In Figure 6, it is possible to observe the difference in both mean and standard deviation
for accuracy and F1 Score, with respect to Figure 4. Similarly, in Figure 7 it is possible
to appreciate such a consistent change in performance even for the three amputees, in
particular for the problematic subject number 7.
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Figure 6. Performance averaged across 12 healthy patients and three amputees for the Transfer
Learning middle with varying numbers of repetitions.
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Figure 7. Comparison of the TL middle for the three amputees. The Model backbone was pre-trained
with gradient reversal and inter-subject splitting.

Table 9 compares our results with other studies on subject-specific Transfer Learning.
Direct comparisons are challenging, due to the differences in chosen classes, input data
formats, model architectures, number of parameters, and Transfer Learning techniques.
However, this table provides our findings alongside recent work in the field. It aims to
place our results in the broader context of subject-specific Transfer Learning research.
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Table 9. Performance comparison of various Transfer Learning frameworks using NinaPro databases.

Citation Database Classes Input Window Model Accuracy %

. DB2 Spectrogram 200 ms 90.06

1 x
Zhai 2017 [44] DB3 10 2D-CNN 85.53
Wei 2019 [19] 2 DB2 50 Featur 200 m: Multiview 83.7

e eatures s 2D-CNN .

Soroushmojdehi 2022 [45] 3 DB2 17 Raw sEMG 250 ms PFCnet 82.87
DB2 68.52

4 ¥
Lehmler 2022 [46] DB3 17 Raw sEMG 200 ms 1D-CNN 50.72
Zabihi 2023 [47] * DB2 17 Raw sEMG 200 ms TraHGR 88.72
DB2 94.00

5 2
Qamar 2024 [48] DB3 50 Spectrogram 200 ms DP-CNN 85.36
Fan 2023 [49] ¢ DB2+TL DB3 17 Feature 100 ms CNN 67.5
Lin 2023 [50] © DB2+TL DB3 17 Features 200 ms LE-CNN 83.5
MSCCNN:-last 98.04
Ours DB2+DB3+DB7 14 Raw sEMG 150 ms MSCNN-middle 87.70

Overview of Transfer Learning strategies implemented: ! Adaptive self-calibration system utilizing a consensus-
based voting mechanism across four separate repetitions. 2 Personalized adaptive Batch Normalization applied to
each subject’s data. 3 Merging and freezing subject-specific and multi-subject features previously extracted before
employing a new classifier training phase. 4 Retaining the weights of earlier layers while retraining the final layers
of the model. 5 Subject-specific training from scratch without pre-existing models. © Initial training performed on
DB2, with subsequent layer freezing and retraining of the final layers using DB3 subject-specific data.

4. Discussion

The results indicate that a more personalized model that learns subject-specific features
rather than merely retraining the final linear layers is crucial for improving the adaptability
and performance of sSEMG-based prosthetic hands. Nonetheless, even in this situation,
the number of epochs before overfitting were, on average, fewer than two in all cases,
suggesting the potential for efficient and embedded fine-tuning. Given the approximately
~3 ms inference time, even on a powerful GPU that is not intended for embedded devices,
this performance suggests that the system is sufficiently fast for real-time applications or
even for a major voting strategy.

Another consideration regards the amputees. These patients present unique challenges
for gesture recognition, due to greater differences in their physiological signals, resulting
from factors such as the percentage of muscle remaining after amputation along with
residual sensations of the phantom limb [51]. Therefore, the creation of user-adaptive
models is a crucial area of research in the field of EMG-based prosthetic devices.

For example, subjects number 7 and number 4 of DB3 demonstrated this variability
particularly well, as shown in Figure 5. Subject 7 exhibited a complete absence of phan-
tom limb sensation and zero percentage of remaining forearm, leading to the usage of
10 channels instead of 12. Meanwhile, patient number 4 had a unique combination of low
phantom sensation, no prior myoelectric experience, and the highest DASH score in the
dataset. In contrast, patient number 9 represented better the average clinical profile of the
other amputee subjects.

Factors like phantom limb sensation intensity, remaining forearm percentage, DASH
score, and prior myoelectric prosthesis experience seemed to influence the model’s ability
to adapt to new users.

5. Conclusions

This study demonstrates that Transfer Learning techniques improve the effectiveness
of SEMG-based prosthetic hands by customizing models to individual users. Retraining
with more layers produces better outcomes, emphasizing the benefit of allowing models
to learn subject-specific features. The findings underline the importance of managing
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intra-subject heterogeneity, particularly among amputees, in order to maintain consistent
performance between individuals.

Strategies such as adversarial network with gradient-reversal descent and channel-
wise normalization can help in building a more robust pre-trained model. Furthermore,
allowing an embedded device to extract daily parameters for normalization and re-training
in loco should also be considered. Implementing these ideas in prosthetic devices could
result in more adaptive, efficient, and user-specific solutions, thereby improving the func-
tionality and usability of these technologies.

Future Work

During the re-training phase in both modalities, we used standard training, and we
split the data by repetitions. However, to account for intra-subject variability, it is possible
to retrain layers using gradient-reversal techniques across different repetitions or sessions
of the same subject.

This approach would help to maintaining performance consistency and adapt to the
user’s unique patterns over time.

Furthermore, in order to overcome performance degradation due to daily variations
in prosthetic devices, built-in functions should be implemented. These implementation
tools could either make it easier to acquire new data for fine-tuning or provide alternative
techniques to avoid such computation on the embedded device itself.

In our case, the alternative would be to collect a single sample for each exercise, which
could then be used to quickly update the necessary values for normalizing each channel,
based on daily circumstances. Using this single-sample strategy, the system might adjust
to daily variations without incurring computational overhead, resulting in efficient and
effective performance in real-world scenarios.

In the future, fuzzy similarity formulations [52] could improve sEMG pattern discrim-
ination, whilst adaptive fuzzification techniques [53] could improve system adaptability.
These advances have the potential to improve prosthesis control, particularly for smooth
multi-gesture recognition.

Improving inference time is a major concern for future work, with a focus on faster
computations and reduced energy consumption for prosthetic devices. Faster inference time
would also enable the implementation of major voting strategies, which could significantly
increase the system’s reliability. Promising advances have been made in this regard by
establishing quantization techniques, which may slightly reduce accuracy but dramatically
improve energy efficiency and inference time in prosthetic devices [54,55].
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Abstract: Outdoor fitness equipment (OFE) are strength training installations comparable to those
found in indoor gyms but are located outdoors with greater accessibility. However, the scientific
evidence supporting their effectiveness remains limited. The objective of this study was to analyze
and compare the electromyographic (EMG) activity of upper limb muscle groups during the use of
a traditional seated chest press (SCP) machine, a classic OFE SCP (OFE-SCP), and a new OFE-SCP
featuring a load selector system (BIOFIT-SCP). The sample was composed of 34 active young men.
EMG activity of five muscle groups was analyzed: the anterior deltoid (AD), the clavicular (CP)
and sternal (SP) heads of the pectoralis major, and the lateral (LHTB) and long heads of the triceps
brachii (LongHTB), under different intensities. The OFE-SCP showed significantly lower EMG
activity compared with the SCP and BIOFIT-SCP in all muscles and phases (p < 0.001). Significantly
lower EMG activity for the SP in all three phases was found on the BIOFIT-SCP compared with the
SCP (p < 0.001), but it was significantly higher for the LHTB and AD in the BIOFIT-SCP compared
with the SCP during the full and concentric phases (p < 0.05 to p < 0.001). In conclusion, training
with the OFE-SCP generates less EMG activity than traditional machine training, while, in general,
BIOFIT-SCP proved effective for strength training comparable to the SCP.

Keywords: outdoor gym; pectoralis major; resistance training; selectorized stack machine; surface
EMG; upper limb muscle

1. Introduction

Strength training is becoming increasingly popular in the population thanks to the
health benefits it brings to its practitioners [1,2]. Muscle mass gains and increased strength
levels are the main objectives of most users who practice it [1,3]. Multiple training methods
and tools can be used to train for strength, with guided machines being one of the most
widely used [4].

However, in recent years, outdoor fitness equipment (OFE) has become popular
as a more accessible alternative to guided machines in a fitness room [5,6]. These are
known as sports equipment that are operated in a manner similar to traditional gym
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machines, although they are commonly located in public outdoor spaces such as parks [6-8].
Despite the popularity of OFE and the economic investment made for their installation
and maintenance, there is some controversy regarding their effectiveness. In this line,
while some studies indicate that training with OFE could improve body composition and
strength production capacity in older adults [9], as well as improve physical functionality
in seniors [10]; other studies indicate that training with this equipment may not be effective
in adults and older adults, as a result of the reduced training intensity involved [11,12].
This is because traditional OFE are limited to working with one’s own body weight [12], so
they do not allow for a controlled intensity progression within training sessions. Therefore,
new models are emerging that allow the user to regulate the external load through a system
that can be used to increase the weight, similar to that of traditional fitness room guided
machines [9,13].

In recent years, machines that allow for pushing-based exercises in a guided manner
have increased in popularity and can be found in both traditional guided machine training
facilities [14] and OFE [5]. This is because these types of machines have been seen as an
alternative to the use of free weights and can provide the same results but with greater
safety and less reliance on exercise technique control [14]. Their use is common for both
aesthetic purposes and to strengthen the upper body musculature, which is essential for
performing daily tasks such as lifting or pushing objects [15].

Along this line, several previous studies have analyzed the efficacy of the seated chest
press (SCP) machine by performing a surface electromyographic analysis (EMG) of the
activation of the upper limb musculature during its execution [4,16-18]. The choice of
the SCP machine was made because it is one of the most popular guided machines for
push-work in fitness [19]. These studies have shown that the SCP is an effective machine
for activating the main muscle groups involved in these pushing exercises, such as the
anterior deltoid, the pectoralis major, and the triceps brachii [16,17,20].

In turn, within most OFE machine lines, SCP machines (OFE-SCP) are also included.
However, so far, no studies have been found that analyze the effectiveness of OFE-SCP
machines in terms of muscle activity of the a priori involved musculature. Therefore, for
practical purposes, it is not known whether this machine could be effective in achieving
adaptations in upper limb muscles after training with it. There is, however, a previous
study that compared the EMG between traditional leg machines and the OFE leg machine,
finding that, in general terms, the OFE showed less activation of the muscles involved in
the lower limbs, which could be because it only allows working with one’s own weight [13].

Likewise, it has not been empirically proven whether the inclusion of an adjustable
external weight in the OFE can improve the effectiveness of SCP machines. Only one
previous study compared the EMG readings between a traditional guided leg machine and
an OFE that allowed external weight adjustment, finding that at a similar intensity as a per-
centage of 1RM, a similar activation of the main lower limb musculature occurred, although
the activation of the synergist musculature varied slightly because of the biomechanical
differences between the exercises performed [13].

Therefore, the main objective of the present investigation was (a) to analyze and
compare the EMG recorded in the upper limb muscle groups during the use of a SCP,
OFE-SCP, and a push machine belonging to a new line of OFE that allows the external
load to be regulated (BIOFIT-SCP); and (b) to determine the differences in the EMG of the
upper limb muscle groups at 60 and 75% of 1RM in the SCP and BIOFIT-SCP machines. In
relation to the hypothesis, it was proposed that: (a) the EMG of the upper limb musculature
will be similar between the machines that allow the external load selection (SCP and
BIOFIT-SCP), and activation will be greater in SCP and BIOFIT-SCP machines compared
with a machine that only allows working with one’s own body weight (OFE-SCP); and
(b) the EMG recorded will be greater at 75% of 1RM than in 60% of 1RM in SCP and
BIOFIT-SCP machines.
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2. Materials and Methods
2.1. Design

This research consisted of a randomized cross-sectional study. The 1RM was calculated
on the SCP (Figure 1a) and the new BIOFIT seated chest press (BIOFIT-SCP), which is an
OFE that has an external weight selector (Figure 1b). The calculation of the 1RM from each
of the machines was done in a different session (session one and session two). Furthermore,
the EMG activity of five muscle groups (anterior deltoid (AD), clavicular (CP) and sternal
(SP) heads of the pectoralis major, and the lateral (LHTB) and long head of the triceps
brachii (LongHTB)) was analyzed on three different types of chest press machines, i.e., SCP,
OFE-SCP, and BIOFIT-SCP in another session (session three). In the SCP and BIOFIT-SCP
machines, an EMG activity analysis was performed at 60 and 75% of the 1RM, while in
the OFE-SCP machine, the analysis was performed with the subject’'s own body weight. A
period of 72 h was given between each of the evaluation sessions of each participant. The
study utilized a specific research model, as illustrated in Table S1.

Figure 1. Fitness equipment used. (a) Seated chest press (SCP) (Technogym; Cesena, Italia); (b) out-
door fitness equipment seated chest press with selectorized system (OFE-SCP) (Entorno Urbano,
Murcia, Spain); (c) outdoor fitness equipment seated chest press (BIOFIT-SCP) (Entorno Urbano,
Murcia, Spain).

The machines selected for this research were: a machine commonly used in the fitness
industry, the SCP model (Technogym; Cesena, Italy), with external load adjustment via a
selectorized system [3] (Figure 1a); a machine belonging to a new line of OFE called BIOFIT-
SCP (Entorno Urbano, Murcia, Spain), which allows the external load adjustment by means
of a selectorized system [3], and which is patented (Patent registration for the OFE-SCP
at the Spanish Patent and Trademark Office, application number: ES1296848Y; and patent
registration for the external load selector, Spanish Patent and Trademark Office application
number: P202231017) (Figure 1b); and a classic OFE machine line, corresponding with the
same machine model, the Gemini (OFE-SCP) (Entorno Urbano, Murcia, Spain), which uses
the user’s body weight as the external weight [10] (Figure 1c).

This research was conducted in accordance with the principles outlined in the Decla-
ration of Helsinki and received approval from the institutional ethics committee (Ethical
Approval Reference: CE111908). Before starting the study, all volunteers were informed
about the different types of tests and voluntarily signed an informed consent form to
participate in the present investigation.

2.2. Participants

A methodology utilizing the standard deviation (SD) was employed to determine the
sample size [21]. For this analysis, RStudio version 3.15.0 was utilized. The calculations
for sample size and statistical power were conducted based on the standard deviation
of the variable peak pectoralis major EMG activity during the use of a SCP selectorized
plate machine (SD = 63.82 uV) demonstrated by a sample of physically active young adults
(n =15) [18]. An estimated error (d) of 32.30 1V, along with a 95% confidence interval (95%
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CI), a statistical power of 95%, and a significance level of 0.05, indicated that a minimum of
34 participants was required for the study.

The study included a total of 34 male participants (mean age = 21.54 £ 1.80 years old;
mean stretch stature = 176.62 & 6.67 cm; mean body mass = 74.27 &+ 9.99 kg). The inclusion
criteria were: (1) being male, (2) a minimum of 2 years of experience using gym machines
for training, along with currently engaging in strength training with these machines at
least three times per week, and (3) being within the age range of 19 to 24 years old. The
exclusion criteria were: (1) engaging in physical activity within 48 h before the initial
session or between assessment sessions [19], (2) any recent injuries to the upper limbs or
trunk within the previous 6 months [13], and (3) present a diagnosed muscle abnormalities
or joint conditions [13].

2.3. Measurements
2.3.1. Questionnaire

All the participants were asked to complete an ad hoc questionnaire on their socio-
demographic characteristics, their experience in strength training, the use of guided ma-
chines, and possible injuries and pathologies suffered. This questionnaire was created
based on previous studies [13].

2.3.2. Anthropometric Measurements

For the measurement of the anthropometric variables stretch stature and body mass,
the indications from the International Society for the Advancement of Kinanthropometry
(ISAK) [22] were followed by an accredited ISAK level-2 anthropometrist. An HR001
portable stadiometer (Tanita, Arlington Heights, IL, USA) and a Tanita BC-545N scale
(Tanita, Arlington Heights, IL, USA) were used. The variables were measured twice or
three times if the difference between the first two was greater than 1%, with the final value
being the mean or median, respectively.

2.3.3. Assessment of 1IRM

The 1RM was calculated in the SCP and BIOFIT-SCP machines. The OFE-SCP was
discarded for this test because it does not have any external weight control system [12]. The
order of use of the SCP and BIOFIT-SCP machines to determine the 1IRM in each machine
was randomized. The protocol recommended by the National Strength and Conditioning
Association [23] was utilized for the calculation of 1IRM in both machines. The participants
performed a warm-up, comprised of a set with an intensity that allowed them to complete
between 5 and 10 repetitions. Following a 1 min rest period, the intensity was increased by
10 to 20%, at which point they were required to perform at least three but no more than
five repetitions. Following a 2 min rest period, the intensity was increased again by 10
to 20%. At this new intensity, participants were required to complete between two and
three repetitions. After this, the intensity was adjusted upward by 10 to 20% for a single
repetition attempt. Depending on whether the lift was successfully completed, the load
was either increased or decreased by 5 to 10%, repeating this process until the 1IRM was
identified. A maximum of five attempts at varying intensities were performed, with four
minutes between each attempt [23]. A total of 72 h later, the protocol was repeated to
determine the 1RM on the other machine, following the prior randomization.

2.3.4. Electromyographic (EMG) Analysis

Seventy-two hours after the second 1RM calculation session, the EMG signal was
recorded in AD, CP, SP, LHTB, and LongHTB. The subjects performed, in a randomized
order, five repetitions in the SCP machine with intensities of 60 and 75% of 1RM, five
repetitions in the BIOFIT-SCP machine with intensities of 60 and 75% of 1RM, and five
repetitions in the OFE-SCP machine with their own weight. This protocol followed the
procedure of previous studies [13,24]. These intensities were selected for the SCP and
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BIOFIT-SCP machines as they are commonly used in different guided machines training
methods [13,17].

The electrodes were arranged according to the recommendations from the Surface
Electromyography for the Non-invasive Assessment of Muscles (SENIAM) project [25]. The
areas where they were placed were shaved and cleaned with 96% alcohol and sterile gauze
to avoid possible erroneous signals and reduced skin impedance [26]. The gel electrodes
used were placed at a 2 cm center-to-center distance in the longitudinal direction of the
muscle fibers [25]. Following the methodology from previous studies, bilateral symmetry
was assumed during exercise execution, so all electrodes were located on the right side of
the body in a standardized manner [27]. The parts recorded were CP, SP, LHTB, LongHTB,
and AD (Figure 2). EMG activity was recorded during exercise using the MuscleLab surface
electromyography system (Ergotest Innovation AS, Stathelle, Norway) at a sampling rate
of 1500 Hz.

Figure 2. Electrode location on the right arm. AD = anterior deltoid; CP = clavicular pectoralis; LHTB
= lateral head of the triceps brachii; LongHTB = long head of the triceps brachii; SP = sternal pectoralis.

2.4. Randomization and Blinding

The sequence of machine usage for the 1IRM assessment, the order of machine use for
EMG analysis, and the initial 1RM intensity for each machine during EMG analysis were
all randomized following the methodology of previous studies [28]. The procedure was
conducted by the principal investigator in the presence of external researchers, utilizing a
computer-generated random number table. All measurements were carried out following
the randomization process.

The researchers who performed the EMG measurements were not involved in the
1RM calculation tests. In the measurements of EMG, the two investigators involved in the
data collection were also blinded transversely, where one controlled the exercise execution
technique and provided the guidelines for the development of the protocol, while the other
focused exclusively on verifying the accuracy of the EMG data recording. This procedure
was carried out following previous research [13].
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2.5. Procedure

Figure 3 shows the procedures carried out during the three sessions in schematic
form, following previous studies [13]. In session one, the volunteers filled out the ad hoc
questionnaire, followed by the anthropometric measurements. Subsequently, the essential
guidelines for proper exercise execution on each of the three machines (SCP, OFE-SCP,
and BIOFIT-SCP) were provided to ensure they were familiar with the required execution
technique for each exercise to facilitate accurate data collection. Specifically, they were
informed that exercises on the various machines should be performed using a full range
of motion., from 90° elbow flexion to full extension. On the SCP machine, the seat was
placed at height number 3 so that the height of the seat to the grips was the same as on the

-Self-completed the ad hoc

-Taking anthropometric

Session 1 Session 2 Session 3

BIOFIT-SCP machine.

-1RM calculation on the
other machine with

respect to session 1 (SCP
or BIOFIT-SCP)

questionnaire placement

-Warm-up in SCP
measurements

~

-Gelled surface electrodes

-(Randomization) EMG

-Familiarization with the
execution technique of the
3 machines (SCP, OFE-SCP

and BIOFIT-SCP)

-(Randomization) 1IRM

72 hours
—_—

: Calculation of 60 and |
| 75% of IRM (SCP and I
| BIOFIT-SCP) :

72 hours
—_—

recording for 5
repetitions/1 min rest in
SCP, OFE-SCP 60%/75% of
1RM, and BIOFIT-SCP
60%/75% of 1RM, 15 min

rest between machine

calculation in SCP or
\ BIOFIT-SCP /

\ T y

Figure 3. Flow diagram.

Subsequently, participants carried out the 1IRM calculation procedure using either the
SCP or BIOFIT-SCP machine, with the order of execution assigned randomly. In the second
session, the procedure was repeated to assess the 1RM in the other machine. Using the
data collected from this procedure, the intensities corresponding to 60% and 75% of the
1RM were subsequently calculated for each participant on both the SCP and BIOFIT-SCP
machines.

In the third session, following electrode placement, participants completed a warm-up
that included 12 repetitions at 30% of 1RM, 10 repetitions at 50% of 1RM, 8 repetitions
at 70% of 1RM, and 2 repetitions at 90% of 1 RM on the SCP, as this was the machine
on which the participants had the greatest prior experience, similar to that reported in
related studies [13,29]. EMG measurements were then initiated, with the assigned machine
(SCP, OFE-SCP, or BIOFIT-SCP) selected randomly. For the SCP and BIOFIT-SCP machines,
the intensity level (either 60% or 75% of 1RM) was also randomized. Participants were
instructed to perform five repetitions on the initially assigned machine and intensity, main-
taining a consistent speed throughout [26]. A 1 min rest was taken between each repetition.
After a 15 min rest, the same protocol was repeated on the same machine but using the
other intensity. Once the full protocol was completed on the first machine, participants
rested for 15 min before beginning the protocol on the second machine [13,26]. In the case
of OFE-SCP, a single set of five repetitions was carried out using the participant’s body
weight, following the same procedure, since the external load could not be modified [6,10].
Rest periods were established based on previous methodologies to prevent fatigue from
impacting the results [13,30].

For data analysis, all repetitions that had not been executed correctly from a technical
point of view were discarded [13]. The correct execution was considered to involve the
following assumptions: (a) that the repetition was performed with a constant rhythm
throughout the entire range of motion, without stopping, (b) that a full range of motion
from 90° elbow flexion to full extension was involved, and (c) that the buttocks were in
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constant contact with the seat and the feet were resting on the floor during the entire
execution [31].

The data analysis was conducted using the methodology outlined in a previous
study [26]. The first and last repetitions were excluded, and from the remaining three,
the repetition with the highest root mean square (RMS) for the primary muscle group
involved in the movement, the SP, was chosen, provided it was executed correctly. Data for
all the muscles involved were recorded [13]. The data were processed using MuscleLab
v10.5.67 software (MuscleLab Ergotest Innovation AS, Norway) by converting the raw
amplified EMG signals into RMS values [32]. The RMS variable was measured during the
entire repetition, as well as separately for its concentric and eccentric phases, to enable
comparisons between machines, consistent with previous studies [33]. A MuscleLab
twin-axis electrogoniometer (Ergotest Innovation AS, Stathelle, Norway) was utilized as
a movement control variable to distinguish between the concentric and eccentric phases
during exercise. The device was positioned on the participant’s left arm, near the elbow
joint, on the outer side. The distal sensor was aligned with the forearm, while the fixed
sensor was aligned with the upper arm [34]. Calibration was performed using a hand-
held goniometer set at 90° of elbow flexion while the participant maintained a stable,
relaxed position. The point of maximum elbow extension was verified in situ, allowing
differentiation of the concentric phase as the data captured from the initial 90° flexion to
full elbow extension and the eccentric phase as the data collected from maximum extension
back to 90° flexion. The full phase encompassed the analysis of the entire range of motion,
beginning and ending at 90° flexion [13].

All measurement sessions were spaced 72 h apart to prevent any potential fatigue
effects [35]. All participants were scheduled to attend each session at 8:00 a.m. [13]. All
measurements were conducted in the same room, under controlled conditions with a
consistent temperature of 20 °C and a stable humidity level of 60%.

2.6. Statistical Analysis

Data analysis was conducted using SPSS software (Version 25; IBM Corporation,
Armonk, NY, USA). The Kolmogorov—-Smirnov test and Mauchly’s W-test were applied to
assess data normality. Mean values and standard deviations were computed. To compare
muscle activation across different machines and intensities, a repeated-measures ANOVA
with Bonferroni correction was conducted. To control for Type I error, Bonferroni’s correc-
tion was applied, setting statistical significance at p = 0.005. A threshold of p < 0.05 was
defined for acceptable error.

3. Results

Table 1 shows the 1RM strength test results for the traditional SCP and BIOFIT-SCP
machines.

Table 1. Results of the 1RM strength test.

1RM 60% 1RM 75% 1RM
SCP (kg) 88.02 £ 20.72 57.21 £12.43 66.02 £+ 15.54
BIOFIT-SCP (kg) 44.51 £ 15.06 26.71 £9.04 33.38 £ 11.30

1RM = one-repetition maximum; BIOFIT-SCP = BIOFIT seated chest press; SCP = traditional seated chest press.

Table 2 shows the mean and standard deviation of the root mean square recorded in
each of the muscles analyzed when using the SCP at 60 and 75% of 1RM, the BIOFIT-SCP
at 60 and 75% of 1RM, and the OFE-SCP with their own weight. The muscle group that
showed a greater RMS was the AD during the concentric phase and the LHTB during the
eccentric phase, except for the OFE-SCP, in which the AD muscle group showed a higher
activation in both phases. With respect to the complete phase, the highest activations
were observed in both the AD and LHTB, with the most notable being those recorded in
the BIOFIT-SCP. Regarding the pectoralis, it was observed that CP presented a greater
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activation than SP in the two types of OFE (BIOFIT-SCP and OFE-SCP), while in the SCP,
the greatest activation was presented by SP. In the triceps, LHTB presented the highest
activation in the three machines and during the three phases analyzed compared with
the LongHTB.

Table 2. Root mean square recording of the electromyographic signal in the different machines with
different 1IRM intensities.

SP (M + SD)

CP (M £ SD)

LongHTB (M + SD)

LHTB (M & SD)

AD (M + SD)

Complete

SCP 60%

SCP 75%
BIOFIT-SCP 60%
BIOFIT-SCP 75%
OFE-SCP
Concentric

SCP 60%

SCP 75%
BIOFIT-SCP 60%
BIOFIT-SCP 75%
OFE-SCP
Eccentric

SCP 60%

SCP 75%
BIOFIT-SCP 60%
BIOFIT-SCP 75%
OFE-SCP

324.27 £173.47
388.32 £+ 195.96
170.39 £ 104.46
242.52 £ 140.62
92.13 £ 48.52

405.24 £ 214.63
464.00 + 231.01
228.02 +£137.01
310.05 £ 174.62
108.66 + 58.08

218.49 £ 130.02
279.58 £ 145.02
72.34 £ 53.03
110.50 £ 80.07
65.07 £ 30.76

294.47 £ 163.67
348.72 +174.16
294.61 £+ 135.61
345.74 £+ 158.54
131.16 £ 52.86

354.11 £ 174.17
400.29 £+ 185.58
373.41 £ 168.02
415.49 £ 179.38
150.04 £ 62.60

211.61 4= 149.48
271.33 £+ 166.85
171.94 +£90.23
216.06 £+ 115.29
103.21 £ 43.51

223.78 £ 138.17
298.41 + 153.99
240.59 £ 76.97
293.61 £92.29
118.06 £ 43.67

276.03 £+ 151.85
357.95 £ 154.14
314.12 £ 96.52
362.90 &+ 110.13
141.33 £ 65.01

160.86 + 136.70
220.94 £+ 163.04
146.97 £ 63.24
190.81 £ 81.11
87.98 £ 35.07

377.78 £ 167.07
483.80 + 213.02
477.74 = 209.51
562.39 £ 231.58
233.81 £97.10

449.94 £ 203.93
556.01 + 241.40
606.76 £ 249.69
675.58 £ 269.82
277.29 + 140.53

293.15 £ 152.20
382.85 £+ 183.09
294.86 £ 130.77
377.98 £ 148.77
177.75 £ 78.50

395.81 £ 181.21
475.87 + 216.16
491.45 £ 236.06
565.45 £ 256.92
282.89 £+ 134.02

492.81 £+ 221.87
570.43 £ 258.28
641.30 = 290.93
709.09 £ 316.85
344.46 £+ 156.46

277.87 £+ 141.80
355.95 +167.18
275.66 £ 173.07
340.04 £+ 184.52
196.61 £ 113.77

AD = anterior deltoid; BIOFIT-SCP = BIOFIT seated chest press; CP = clavicular pectoralis; LHTB = lateral head of
the triceps brachii; LongHTB = long head of the triceps brachii; OFE-SCP = classic OFE; SCP = seated chest press;
SP = sternal pectoralis.

Tables 3-5 and Figure 4 show the differences between machines and between different
intensities in the full execution, concentric phase, and eccentric phase, respectively. At
the same percentage of 1IRM (60% 1RM vs. 60% 1RM, or 75% 1RM vs. 75% 1RM), the
SCP presented a significantly greater activation of the SP in the three phases of execution
(p < 0.001) and of the CP in the eccentric phase during execution at 75% of 1RM (p < 0.05)
with respect to the RMS recorded in the BIOFIT-SCP. In the other phases and intensities, the
CP did not present significant differences (p > 0.05). On the other hand, both LHTB (p < 0.01)
and AD (p < 0.05) showed significantly higher activations in the full and concentric phases
during the use of the BIOFIT-SCP with respect to the SCP at similar intensities, with no
differences in the eccentric phase (p > 0.05). No difference in LHTB was found between
SCP and BIOFIT-SCP at equal intensity (p > 0.05).

Table 3. Differentiation of peak electromyographic activity between different machines and intensities
of 1RM during full execution.

Complete Repetition SCP 60% SCP 75% BIOFIT-SCP 60% BIOFIT-SCP 75% OFE-SCP
SCP 60% —64.05+ 7331 153.88 +£19.24 * 81.75 £ 19.47 ** 232.14 +£ 2554 F
SCP 75% - 217.93 +21.28 * 145.80 + 19.93 296.19 +29.60
Sternal pectoralis  BIOFIT-SCP 60% - —7213 £ 8121 78.26 £ 15251
BIOFIT-SCP 75% - 150.39 +21.45 F
OFE-SCP _
SCP 60% —5425+ 6351 —0.14 £ 15.64 —51.26 +16.01 * 163.31 +25.98 *
. SCP 75% - 5411 +£17.22* 2.98 + 16.46 21755 +27.62F
Clavicular + +
. BIOFIT-SCP 60% - —51.12 +£7.24 214.57 4+ 25.44
pectoralis t
BIOFIT-SCP 75% - 214.57 4+ 25.44
OFE-SCP _
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Table 3. Cont.

Complete Repetition SCP 60% SCP 75% BIOFIT-SCP 60%  BIOFIT-SCP 75% OFE-SCP
SCP 60% - —7463+8211 —16.82 + 21.09 —69.83 £22.03 * 105.71 £21.92*
SCP 75% - 57.81 + 23.17 4.80 +23.21 180.34 £ 2396 *
LongHTB BIOFIT-SCP 60% - —53.01+543" 122.53 +10.59 *
BIOFIT-SCP 75% - 175.54 +£ 13571
OFE-SCP -
SCP 60% - —106.02 + 12901 —99.96 +17.90 —184.62 +£22301 14397+ 17261
SCP 75% - 6.06 + 17.69 —78.60 £17.92* 24999 +23.80 *
LHTB BIOFIT-SCP 60% - —84.66+9.721 24392 +25.18 F
BIOFIT-SCP 75% - 32858 +28.63 1
OFE-SCP -
SCP 60% - —80.06 +13.14 1 —95.64 + 2548 **  —169.64 +27.18 F 112.92 +£22.97*
SCP 75% - —15.58 + 25.56 —89.58 +25.83 * 19298 £28.10*
Anterior deltoid ~ BIOFIT-SCP 60% - —7401+ 8271 208.56 + 32.78
BIOFIT-SCP 75% - 28256 +36.24
OFE-SCP -

BIOFIT-SCP = BIOFIT seated chest press; LHTB = lateral head of the triceps brachii; LongHTB = long head of
the triceps brachii; OFE-SCP = classic OFE; SCP = seated chest press; * = p value < 0.05; ** = p value < 0.01;
t = p value < 0.001.

Table 4. Differentiation of peak electromyographic activity between different machines and 1IRM

intensities during the concentric phase.

Concentric Phase SCP 60% SCP 75% BIOFIT-SCP 60%  BIOFIT-SCP 75% OFE-SCP
SCP 60% - —58.76 + 8.28 177.22 £ 23831 95.19 + 24.31 ** 296.58 +32.02 F
SCP 75% - 235.98 + 2457 * 153.95 +23.43 * 355.34 + 3523 F
Sternal pectoralis ~ BIOFIT-SCP 60% - —82.03+9.70% 119.36 +£20.10 *
BIOFIT-SCP 75% - 201.39 4+ 26.60
OFE-SCP i
SCP 60% - —46.19 + 8711 —19.30 + 17.99 —61.38 +18.61 * 204.06 + 2857 *
Clavi SCP 75% - 26.88 + 20.15 —15.20 + 18.40 25025 +30.34
avicular 2 0 - 420841012 22337 +2825%
pectoralis BIOFIT-SCP 60% . . . 25"
BIOFIT-SCP 75% - 265.45 + 30.12
OFE-SCP i
SCP 60% - —81.92+10.20F —38.09 + 20.47 —86.88 & 22.06 ** 134.70 £ 22521
SCP 75% - 43.82 +20.25 —4.96 + 20.38 216.61 +£21.79
LongHTB BIOFIT-SCP 60% - —4878 +6.191 172.79 £13.90 *
BIOFIT-SCP 75% - 22157 +16.35F
OFE-SCP i
SCP 60% - —106.07 +15.19"  —156.82 +19.44 * —225.63 + 23341 172.65 +£19.97 *
SCP 75% - —50.75 4+ 19.10 —119.56 £17.23 1 278.72 +24.40
LHTB BIOFIT-SCP 60% - —68.82 +11.79 329.47 4+ 28.76
BIOFIT-SCP 75% - 398.29 4+ 31.03 1
OFE-SCP _
SCP 60% - —77.62+15.64T  —14849 +£29.17%7 21628 £31.89 1 148.35 4+ 29.06 *
SCP 75% - —70.87 +29.33 —138.66 4+ 30.74** 22596 £32.721
Anterior deltoid ~ BIOFIT-SCP 60% - —67.79 +11.52F 296.84 4+ 39.90 t
BIOFIT-SCP 75% - 364.62 + 43.89 1
OFE-SCP -

BIOFIT-SCP = BIOFIT seated chest press; LHTB = lateral head of the triceps brachii; LongHTB = long head of
the triceps brachii; OFE-SCP = classic OFE; SCP = seated chest press; * = p value < 0.05; ** = p value < 0.01;
t = p value < 0.001.
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Table 5. Differentiation of peak electromyographic activity between different machines and 1RM

intensities during the eccentric phase.

Eccentric Phase SCP 60% SCP 75% BIOFIT-SCP 60% BIOFIT-SCP 75% OFE-SCP
SCP 60% - —61.09 +£8.071 146.15 £ 19.42 * 107.99 +18.17 1 153.41 £20.74*
SCP 75% - 207.24 + 22351 169.08 +20.31 * 21450 + 23911
Sternal pectoralis  BIOFIT-SCP 60% - —38.16 + 7551 7.26 £ 9.42
BIOFIT-SCP 75% - 45.43 4+ 1451 *
OFE-SCP -
SCP 60% - —59.72 + 572 F 39.68 £+ 16.51 —4.45 + 15.46 108.40 +£22.12 F
Clavicular SCP 75% - 99.39 +18.78 55.27 + 16.78 * 168.12 4+ 25.04 *
: BIOFIT-SCP 60% - —4412+830"F 68.73 £ 11.99
pectoralis +
BIOFIT-SCP 75% - 112.85 £ 16.31
OFE-SCP -
SCP 60% - —60.07 + 6921 13.90 4+ 22.49 —29.94 4+ 23.21 72.89 + 23.55*
SCP 75% - 73.97 £+ 26.27 30.13 £+ 26.70 132.96 +28.10
LongHTB BIOFIT-SCP 60% - —4384+ 6507 58.99 + 10.72
BIOFIT-SCP 75% - 102.83 +12.82 F
OFE-SCP -
SCP 60% - —89.70 + 12.84 F —1.71 £ 18.26 —84.83 £20.58* 11540 +20.94 *
SCP 75% - 87.99 + 23.55 ** 4.87 +24.39 205.11 4+ 27.57 *
LHTB BIOFIT-SCP 60% - —83.12 + 10431 11711 +£17.33 1
BIOFIT-SCP 75% - 20023 +£19.84 *
OFE-SCP -
SCP 60% - —78.08 +14.19 1 2.21 +24.45 —62.17 + 23.57 81.26 + 21.50 **
SCP 75% - 80.30 £ 25.32 * 1591 + 23.76 159.35 + 23.67 F
Anterior deltoid BIOFIT-SCP 60% - —6439+ 8767 79.05 £ 27.79
BIOFIT-SCP 75% - 143.44 +30.00
OFE-SCP -
BIOFIT-SCP = BIOFIT seated chest press; LHTB = lateral head of the triceps brachii; LongHTB = long head of
the triceps brachii; OFE-SCP = classic OFE; SCP = seated chest press; * = p value < 0.05; ** = p value < 0.01;
1 =p value < 0.001.
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Figure 4. Cont.

* = Significant differences (p < 0.05) respect to OFE-SCP
1 = Significant differences [p < 0.05) respect to SCP 60%
1 = Significant differences (p < 0.05) respect to SCP 75%

167

B = Significant differences (p < 0.05) respect to BIOFIT-SCP 60%



Sensors 2024, 24, 7740

600
500
400
300
200

100

* = Significant differences (p < 0.05) respect to OFE-SCP
t = Significant differences (p < 0.05) respect to SCP 60%
¥ = Significant differences (p < 0,05) respect to SCP 75%
B = Significant differences (p < 0.05) respect to BIOFIT-SCP 60%

SCP GOO;

Long Head of the Triceps Brachii v Lateral Head of the Triceps Brachii
00
it “p 800 " -1-1‘1.1].
LR * . TO0 (3 l'-‘ﬂ .tﬂ -
-*B I r "_" GO0 I‘ﬁ e - "I‘B
" *+ 8 S00 1 - = | iR
I 400 tp T g *
t » T L -
g ® | 300 i |
f!B 200
| RLARREE:
o
# 2 2 £ # 2 B # # 2 2 2 8 ® 2 8 2 2
w§£§§rzaﬁ§§w§ﬂ§ §ﬂ§mg§rz§rzbﬁ§=¢§m
& o & L o - . b & o - [ o [- % [ % - e -9 (-9 o -9 bl [ [- M.
$ 32 655%23288%838%65 5388855383888 ¢8 %
| = = = = = = | = = = =t E E
& & & o 6 6 S & & o g o
@ @ = @& = @& @ @ = @ & @
Complete Concentric Ecoentric Complete Concenthic Eceentric

* = Significant differences (p < 0.05) respect ta OFE-SCP
t = Significant differences (p < 0.05) respect to SCP 60%
# = Significant differences (p < 0.05) respect to SCP 75%

Anterior Deltoid

uv
200 4
800 wp *f e
700 CEL £ 7 < !
600 *3fR i T g
500 ] ] ¥tﬁ 't T tﬂ_
400 TR T T L
300 | I t1
200 "
100 I
o
£ £ 2 ¥R 8 ¥ £ F 2 &8 F ®2 £ * o
2 W 2w s gL g2 e a0 E R0 s
6 & o 6 W & a 6o & W oa & o oa &
W W E Y S YR Y Y S H Y YYD
S o S o 5 o
@ @ 5 @ & &
Complete Concentric Eccentric

* = Significant differences (p < 0.05) respect ta OFE-SCP
t = Significant differences (p < 0.05) respect to SCP 60%
# = Significant differences (p < 0.05) respect to SCP 75%
B = Significant differences (p < 0.05) respect to BIOFIT-5CP 60%

Figure 4. Differentiation of maximal electromyographic activity between different machines and
1RM intensities during the complete, concentric, and eccentric phases in different muscle groups.

When comparing OFE-SCP with SCP and OFE-SCP with BIOFIT-SCP, a significantly
lower activation was found in OFE-SCP for all muscle groups in the full execution (p < 0.001),
concentric (p < 0.001) and eccentric phases (p < 0.05), except for the SP and AD during the
use of BIOFIT-SCP at 60% of 1RM (p > 0.05) during the eccentric phase. When comparing
each machine (SCP and BIOFIT-SCP) with each of the two different intensities, significant
differences were found in all muscle groups and during all the phases (p < 0.01).

4. Discussion

The first objective of this research was to analyze and compare the EMG activity of the
muscle groups of the upper limbs produced when exercising with the SCP, OFE-SCP, and
BIOFIT-SCP machines. Based on previous studies, the performance of exercises involving
internal rotation with shoulder abduction and flexion, together with elbow extension,
regardless of the biomechanical differences between exercises, involve the same major
muscle groups, for example, the pectoral musculature, the AD, or the triceps brachii [20,36].
Other studies have analyzed EMG activity in exercises such as the pec deck, chest press,
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or bench press, finding that they all activate the same major muscle groups, despite their
technical differences, as they are all upper limb press exercises [19,20,36]. Furthermore,
in all the exercises performed on stable guided machines, the stabilizing musculature of
the trunk may be less involved, as they rely less on the postural control, compared with
exercises with more degrees of freedom of movement, as proven in previous studies that
showed significant differences in rectus abdominis activation, being lower during the use
of a plate machine compared with a cable-based machine [20]. Based on this, in the present
investigation, the decision was made to perform a comparison of the EMG activity with
different types of machines, of the muscle groups directly involved in the movement, and
not so much of the muscles that could be involved as stabilizers.

A notable finding of this research was that in all three machines, the muscle group that
showed a greater RMS was the AD during the concentric phase and the LHTB during the
eccentric phase in general. These results coincide with those found in similar works, with
the AD being the upper limb muscle that showed the greatest activation during the use of
the standing cable press [18]. As for the activation of the LHTB, it could be due to the need
for stabilization of the movement, as proven in previous works in which stronger signals
were recorded in exercises with a freer movement with respect to chest press machines for
this muscle group [20].

An outstanding result of the present investigation was that when comparing EMG
activity between machines with the same percentage of intensity, more specifically, SCP
and the BIOFIT-SCP, the SP presented a significantly greater EMG signal in all phases
recorded in the SCP with respect to the BIOFIT-SCP at the same relative intensities; while
the CP showed greater activation in the SCP with respect to the BIOFIT-SCP, but only in
the eccentric phase at 75% of the 1RM. This may be due to the fact that the bundles of the
SP and CP parts have a recruiting advantage during horizontal glenohumeral flexion and
may be due to the better alignment of the muscle fibers with respect to the direction of
movement [19,33] during the execution of the SCP, but that the fibers did not maintain the
same linearity during the execution of the BIOFIT-SCP. Furthermore, in previous studies
where a comparison of the EMG activity of each muscle between exercises and grips was
performed, it was observed that a bench press with a grip at 50% of the biacromial distance
compared with a grip of 150% of the biacromial distance, presented a lower activation of
the SP [4]. Thus, the fibers of the CP and SP were able to collaborate to a greater extent in all
phases in the SCP machine with respect to the BIOFIT-SCP machine due to the closest grip
in the exercise performed on traditional machines [33]. Given these preliminary results,
questions remain as to the importance of fixed or adaptive grip distance during the use of
this type of machinery on EMG activation in upper limb pushing exercises.

Continuing with the comparison between the SCP and the BIOFIT-SCP, in the case
of the elbow extensors, the LongHTB showed no differences between machines at equal
intensity, while the LHTB showed greater activation in the BIOFIT-SCP in the full and
concentric phases, both at 60% and 75%, with no differences in the eccentric phase. Studies
have justified the participation of the triceps as a synergist muscle in upper limb pushing
exercises [20] and thrust exercises that increased its activation by elevating the firing
frequency through the inclusion of a backrest that improved the intervention of the main
musculature because it reduced the dependence of the stabilizing muscle during the
exercise [18]. However, in most studies, the triceps brachii was analyzed uniquely as a
muscle group, but locating the electrodes in only one of the muscle bellies [4,16,18,20],
with this being the first article to analyze on different machines, the activation of two
triceps muscle bellies, the LHTB and the LongHTB. The differences found between both
machines in the EMG activity of the triceps brachii musculature may be conditioned by
the angulation of the shoulder joint because the BIOFIT-SCP involves a shoulder flexion
to a greater extent, while the SCP an adduction flexion, which would condition the EMG
involvement of the triceps based on previous studies [19]. Given these promising results,
future research is needed to analyze the biomechanics of both machines in order to confirm
the results of the present investigation.
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Similarly, when comparing EMG activation between SCP and BIOFIT-SCP, the AD
showed greater activation in the BIOFIT-SCP in the full and concentric phases, both at 60%
and 75%, with no differences in the eccentric phase. This could also be a consequence of
the differences in shoulder abduction between the two machines. It has been shown that
the AD is involved, to a greater extent, in exercises where the main movement consists of
shoulder flexion, compared with those where the main movement is horizontal shoulder
adduction [19]. In that sense, the movement in the BIOFIT-SCP is based on a shoulder
flexion and an elbow extension with a small shoulder internal rotation, while the movement
in the SCP involves a shoulder internal rotation and elbow extension, together with a steady
shoulder abduction. Previous results on this issue are contradictory. Thus, while in some
studies, it has been found that when comparing different types of plate-loaded chest press
and cable-based strength training machines, the AD did not show significant differences
between machines [18]. In other studies, it was found that the AD increased its activation
during a chest press exercise as the inclination of the bench changed, leading to an increase
in shoulder flexion [19]. The differences between studies may be due to the dependence of
the execution technique in each of the variants of the exercises because the contribution
of a specific muscle will depend on factors such as the specific movement performed in
the joint and the anatomical position of the muscle [19]. These promising results indicate
the need for future research to analyze the biomechanics of both machines to validate the
findings of this study.

Another relevant result of this study was that, when comparing the EMG activity
of the BIOFIT-SCP and SCP machines to the OFE-SCP, those machines equipped with
an external weight selector showed significantly higher EMG values across all muscle
groups, irrespective of the intensity and phase, with only a few exceptions. However,
OFE has gained significant popularity in recent years [8,10,12]. No prior studies have
been identified that have examined EMG activity using this type of machine, leaving
its effectiveness uncertain [37]. However, prior research has indicated that the choice of
intensity influences muscle fiber recruitment, thereby affecting the recorded signal [38].
Given that the traditional OFE line only permits exercises using one’s own body weight [12],
the results of this study may be attributed to the fact that the participants’ body weight did
not correspond to an intensity near 60% or 75% of their IRM when using the OFE-SCP. Thus,
based on the results of this study, OFE-SCP may have limited effectiveness in generating
significant EMG activity [37]. Thus, based on the findings of this study, OFE-SCP may have
limited effectiveness in generating significant EMG activity [39], being able to provide only
an adequate stimulus in populations with low fitness levels, such as older, deconditioned
individuals [40].

Based on the results found in the present investigation, the first hypothesis of this
research can be partially accepted, as we found higher EMG activation in SCP and BIOFIT-
SCP, as compared to OFE-SCP. However, the second part of the hypothesis, which hypothe-
sized that the EMG activation between the machines with a load selector would be similar
(SCP vs. BIOFIT-SCP), has to be rejected, as differences were found in four of the five
muscle groups analyzed.

The second aim of this study was to assess the differences in EMG activity of upper
limb muscle groups at 60% and 75% of the 1RM using machines that permit intensity
adjustment (SCP and BIOFIT-SCP). The results indicated a rise in EMG activity across all
the muscle groups analyzed when exercising at 75% of the 1IRM compared to 60% of the
1RM for both the full range of motion as well as during the concentric and eccentric phases
in the SCP and BIOFIT-SCP. The results are consistent with previous studies, which also
reported an increase in EMG activity as intensity increased [41]. This occurs because, at
higher intensities, there is an increase in both the recruitment of motor units and their
firing frequency [38]. These results support the acceptance of the second hypothesis, as the
EMBG activity recorded at 75% of 1RM was higher than at 60% of 1RM in both SCP and
BIOFIT-SCP conditions.
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The primary practical implication of this research is the introduction of a new type of
OFE, accessible to both trainers and users, supported by scientific evidence demonstrating
its effectiveness in recruiting target muscles similarly to conventional gym equipment.
Furthermore, the effectiveness of the OFE was enhanced by implementing an external load
selection system. This approach not only ensured adherence to the principle of progressive
intensity but also improved the control of training intensity when using these machines.

The main strength of the present research is that it is one of the first studies that
has analyzed EMG activity in OFE with a load selector. As studies were not found that
compared similar models of indoor and outdoor machines for upper limb exercises, the
present study is a pioneer in this aspect. It is also one of the first articles that has analyzed
the EMG activation generated by classic OFE, which works with the user’s own weight
and whose shortcomings have been widely discussed. In addition, this work opens up
new avenues of research by suggesting biomechanical and electromyographic analyses of
the new patented systems and validities, offering opportunities to optimize their design
and functionality in various contexts. In addition, it is one of the few works that includes
both the eccentric and concentric phases, as well as the separate analysis of the sternal and
clavicular parts of the pectoralis major muscle. In addition to the above, it is the only study
that analyzed two of the triceps muscle bellies in guided machines.

Although this study offers a novel approach compared to prior research on the ef-
fectiveness of OFE, it is not free from limitations. Firstly, this study did not include an
analysis of EMG results for antagonist muscles like the biceps brachii, latissimus dorsi,
or other areas such as the lateral deltoid. The location of the electrodes in the back area
makes measurement difficult because of the backrest of the machines. On the other hand,
future work is encouraged to include an analysis of a larger number of muscle groups
whenever possible. A second limitation was that the three machines presented slight
variations in execution biomechanics due to the specific mechanics of each device, making
direct comparisons between the exercises imprecise. However, it is important to note that
studies with an electromyographic component often aim to highlight these biomechanical
variations, providing valuable information on how different equipment or variations within
the same exercise uniquely affect muscle activation. These comparisons are essential to
understanding the nuances of muscle responses. The third limitation of this study was the
exclusion of the maximum voluntary contraction test as a variable in the EMG analysis.
This work compared the machines using the absolute values recorded. Including this
variable could have provided insights into the percentage of activation of each muscle
group relative to its maximum during each of the exercises assessed. In addition, it was not
possible to calculate the 1RM in the OFE-SCP due to the impossibility of adjusting the load
on the machine when working with one’s own body weight and mobilizing it with levers.
As a final limitation, although the study incorporated an electrogoniometer for elbow joint
monitoring during electromyographic signal recording, it did not incorporate a goniometric
analysis of the elbow and shoulder joints, which might have provided information on
joint angles and their relationship to muscle activation patterns. In addition, it could have
provided findings by linking specific joint mechanics to differences in muscle recruitment
across machines, such as the difference in angular velocity between shoulder and elbow
and whether this changes the data recorded in the interfering muscle groups.

5. Conclusions

It was observed that the EMG activity presented by the current OFE designed to
strengthen the upper limb musculature (OFE-SCP) is significantly lower than that of the
SCP, a machine commonly used in strength training in fitness centers for the pectoralis,
with higher activation in triceps. In contrast, classic OFE, which only allows self-loading
work, was found to be less effective than seated chest press machines with external load
selectors. Machines with external weight selectors (SCP and BIOFIT-SCP) consistently
showed higher EMG activations across all muscle groups compared with self-loading OFE,
suggesting that these may be less effective in generating sufficient muscle activation for
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hypertrophy and strength adaptations, except for populations with lower fitness levels.
Thus, the study supports the idea that OFE with external load selectors represent a valuable
tool for strength training, as they show EMG activity levels closer to those of conventional
gym equipment. This innovation could improve the applicability of OFE in progressive
training programs by allowing controlled intensity adjustments. Additionally, in general
terms, a higher intensity implied a greater activation of the involved musculature. This
study is a pioneer in the analysis of EMG activation in OFE with external load selection, as
it included a separate analysis of the pectoralis major parts and two triceps muscle heads.
Future studies should address the limitations of this research, proposing as future lines
of research the inclusion of the analysis of antagonist muscles, the goniometric analysis
of elbow and shoulder joint angles, as well as taking into account the differentiation of
biomechanics of execution between machines, and the maximal voluntary contraction test,
in order to know what percentage of activation is generated in each muscle group and to
refine the understanding of muscle activation patterns. In addition, it will be necessary to
expand the sample to be analyzed, taking into account the female population as well as the
older population in future research in order to achieve a greater transfer to the population.

In summary, OFE equipped with external load selectors has the potential to bridge the
gap between traditional self-weight OFE and gym-based strength training equipment, offering
a controlled approach to muscle activation and adaptation for outdoor fitness applications.

6. Patents

This study presents data on two patents registered by the Spanish Patent and Trade-
mark Office: a new machine designed for the outdoor fitness equipment line (code:
ES2975897) and an innovative external load selection system of the exercise for this machine
(code: ES2975886).

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/s24237740/s1, Table S1. Research model.

Author Contributions: Conceptualization, T.A.-L., PJ.M.-P, N.G.-G., A.E.-G. and R.V.-C.; methodol-
ogy, T.A-L., PJM.-P, N.G.-G., A E.-G. and R.V.-C,; formal analysis, T.A.-L. and N.G.-G; investigation,
T.A.-L.and A.E.-G; resources, EE.-R. and R.V.-C ; data curation, T.A.-L., N.G.-G. and A E.-G.; writing—
original draft preparation, T.A.-L. and R.V.-C.; writing—review and editing, T A.-L., PJM.-P,, J.A.A.,
N.G.-G., AE.-G,, FE.-R. and R.V.-C,; visualization, ].A.A.; supervision, R.V.-C.; project administration,
PJ.M.-P. and N.G.-G.; funding acquisition, P.].M.-P. All authors have read and agreed to the published

version of the manuscript.

Funding: This project was funded by the Ministry of Science, Innovation and Universities of the
Government of Spain in the call Retos-Colaboraciéon 2017, under the title RTC-2017-6145-1, 2017.
T.A.-L.’s participation in the present research is the result of a 2020-2021 Research Staff Training grant
awarded by the UCAM Universidad Catodlica de Murcia.

Institutional Review Board Statement: This study was conducted in accordance with the Declaration
of Helsinki and approved by the Institutional Ethics Committee of the Universidad Catélica de Murcia
(Ethical Application Ref: CE111908; 29 November 2019).

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.

Data Availability Statement: The data presented in this study are available on request from the
corresponding author due to privacy.

Acknowledgments: We would like to thank the volunteers for their participation in the study. In
addition, we would also like to thank the company Entorno Urbano S.L.U., Copele S.L.U., the Centro
Tecnolégico del Metal (CTM) of the Region of Murcia for providing us with the outdoor fitness
equipment and managing transport and assembly of the equipment. T.A.-L. would like to thank the
UCAM Universidad Catélica de Murcia for its support through the FPI grant for the development of
this research toward his doctoral thesis. This paper is part of the doctoral thesis of T.A.-L.

Conflicts of Interest: The authors declare no conflicts of interest.

172



Sensors 2024, 24, 7740

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.
24.

25.

Armstrong, R.; Baltzopoulos, V.; Langan-Evans, C.; Clark, D.; Jarvis, J.; Stewart, C.; O’Brien, T. An Investigation of Movement
Dynamics and Muscle Activity during Traditional and Accentuated-Eccentric Squatting. PLoS ONE 2022, 17, e0276096. [CrossRef]
[PubMed]

Martin-Fuentes, I.; Oliva-Lozano, ]. M.; Muyor, ]. M. Evaluation of the Lower Limb Muscles” Electromyographic Activity during
the Leg Press Exercise and Its Variants: A Systematic Review. Int. |. Environ. Res. Public Health 2020, 17, 4626. [CrossRef] [PubMed]
Escamilla, R.F,; Fleisig, G.S.; Zheng, N.; Lander, J.E.; Barrentine, S.W.; Andrews, ].R.; Bergemann, B.W.; Moorman, C.T. Effects
of Technique Variations on Knee Biomechanics during the Squat and Leg Press. Med. Sci. Sports Exerc. 2001, 33, 1552-1566.
[CrossRef]

Muyor, J.; Rodriguez-Ridao, D.; Oliva-Lozano, ].M. Comparison of Muscle Activity between the Horizontal Bench Press and the
Seated Chest Press Exercises Using Several Grips. J. Hum. Kinet. 2023, 87, 23-34. [CrossRef]

Chow, H.; Ho, C.H. Does the Use of Outdoor Fitness Equipment by Older Adults Qualify as Moderate to Vigorous Physical
Activity? PLoS ONE 2018, 13, e0196507. [CrossRef] [PubMed]

Jansson, A.K; Lubans, D.R.; Smith, ].J.; Duncan, M.].; Haslam, R.; Plotnikoff, R.C. A Systematic Review of Outdoor Gym Use:
Current Evidence and Future Directions. . Sci. Med. Sport 2019, 22, 1335-1343. [CrossRef] [PubMed]

Abelleira-Lamela, T.; Vaquero-Cristobal, R.; Gonzalez-Gélvez, N.; Esparza-Ros, F.; Espeso-Garcia, A.; Marcos-Pardo, P.J. Sagittal
Spine Disposition and Pelvic Tilt during Outdoor Fitness Equipment Use and Their Associations with Kinanthropometry
Proportions in Middle-Aged and Older Adults. Peer] 2021, 9, €12657. [CrossRef]

Chow, H.; Wu, D.-R. Outdoor Fitness Equipment Usage Behaviors in Natural Settings. Int. |. Environ. Res. Public Health 2019, 16,
391. [CrossRef]

Marcos-Pardo, P.J.; Espeso-Garcia, A.; Vaquero-Cristdbal, R.; Abelleira-Lamela, T.; Gonzalez-Gélvez, N. The Effect of Resistance
Training with Outdoor Fitness Equipment on the Body Composition, Physical Fitness, and Physical Health of Middle-Aged and
Older Adults: A Randomized Controlled Trial. Healthcare 2024, 12, 726. [CrossRef]

Chow, H.; Chang, K.T.; Fang, LY. Evaluation of the Effectiveness of Outdoor Fitness Equipment Intervention in Achieving Fitness
Goals for Seniors. Int. J. Environ. Res. Public Health 2021, 18, 12508. [CrossRef]

Chow, H.-W.; Mowen, A.; Wu, G. Who Is Using Outdoor Fitness Equipment and How? The Case of Xihu Park. Int. J. Environ. Res.
Public Health 2017, 14, 448. [CrossRef] [PubMed ]

Liu, Y.-C.; Yang, W.-W.,; Fang, 1.-Y.; Pan, H.L.-L.; Chen, W.-H.; Liu, C. Training Program with Outdoor Fitness Equipment in Parks
Offers No Substantial Benefits for Functional Fitness in Active Seniors: A Randomized Controlled Trial. J. Aging Phys. Act. 2020,
28, 828-835. [CrossRef] [PubMed]

Abelleira-Lamela, T.; Marcos-Pardo, PJ.; Abraldes, J.A.; Gonzélez-Galvez, N.; Espeso-Garcia, A.; Esparza-Ros, F.; Vaquero-
Cristobal, R. Comparative Electromyographic Analysis in Leg Press of Traditional Fitness Equipment, Traditional Outdoor Fitness
Equipment, and a New Model of Outdoor Fitness Equipment in Trained Young Men. Appl. Sci. 2024, 14, 7390. [CrossRef]
Haugen, M.E,; Varvik, ET,; Larsen, S.; Haugen, A.S.; van den Tillaar, R.; Bjernsen, T. Effect of Free-Weight vs. Machine-Based
Strength Training on Maximal Strength, Hypertrophy and Jump Performance—A Systematic Review and Meta-Analysis. BMC
Sports Sci. Med. Rehabil. 2023, 15, 103. [CrossRef]

Hik, E; Ackland, D.C. The Moment Arms of the Muscles Spanning the Glenohumeral Joint: A Systematic Review. J. Anat. 2019,
234, 1-15. [CrossRef]

Coratella, G.; Tornatore, G.; Longo, S.; Esposito, F.; Ce, E. Specific Prime Movers’ Excitation during Free-weight Bench Press
Variations and Chest Press Machine in Competitive Bodybuilders. Eur. J. Sport Sci. 2019, 20, 571-579. [CrossRef]
Lopez-Vivancos, A.; Gonzalez-Gélvez, N.; Orquin-Castrillon, EJ.; Vale, R.G.d.S.; Marcos-Pardo, PJ. Electromyographic Activity of
the Pectoralis Major Muscle during Traditional Bench Press and Other Variants of Pectoral Exercises: A Systematic Review and
Meta-Analysis. Appl. Sci. 2023, 13, 5203. [CrossRef]

Signorile, ].E.; Rendos, N.K.; Heredia Vargas, H.H.; Alipio, T.C.; Regis, R.C.; Eltoukhy, M.M.; Nargund, R.S.; Romero, M.A.
Differences in Muscle Activation and Kinematics Between Cable-Based and Selectorized Weight Training. . Strength Cond. Res.
2017, 31, 313-322. [CrossRef]

Trebs, A.A.; Brandenburg, ].P; Pitney, W.A. An Electromyography Enalysis of 3 Muscles Surrounding the Shoulder Joint during
the Performance of a Chest Press Exercise at Several Angles. J. Strength Cond. Res. 2010, 24, 1925-1930. [CrossRef]

Cacchio, A.; Don, R.; Ranavolo, A.; Guerra, E.; McCaw, S.T.; Procaccianti, R.; Camerota, F.; Frascarelli, M.; Santilli, V. Effects of
8-Week Strength Training with Two Models of Chest Press Machines on Muscular Activity Pattern and Strength. J. Electromyogr.
Kinesiol. 2008, 18, 618-627. [CrossRef]

Bhalerao, S.; Kadam, P. Sample Size Calculation. Int. |. Ayurveda Res. 2010, 1, 55. [CrossRef] [PubMed]

Esparza-Ros, F.; Vaquero-Cristébal, R.; Marfell-Jones, M.]. International Standards for Anthropometric Assessment; International
Society for Advancement in Kinanthropometry: Potchefstroom, South Africa, 2019.

Miller, T.A. NSCA’s Guide to Tests and Assessments; Human Kinetics: Champaign, IL, USA, 2012.

Duffey, M.].; Challis, ].H. Fatigue Effects on Bar Kinematic during the Bench Press. |. Strength Cond. Res. 2007, 21, 556-560.
[PubMed]

Stegeman, D.F.; Hermens, H.J. Standards for Surface Electromyography: The European Project “Surface EMG for Non-Invasive
Assessment of Muscles (SENIAM)”. Enschede Roessingh Res. Dev. 2007, 10, 8-12.

173



Sensors 2024, 24, 7740

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.
38.

39.

40.

41.

Da Silva, E.M.; Brentano, M.A.; Cadore, E.L.; De Almeida, A.P.V.; Kruel, L.EM. Analysis of Muscle Activation During Different
Leg Press Exercises at Submaximum Effort Levels. J. Strength Cond. Res. 2008, 22, 1059-1065. [CrossRef] [PubMed]

Snarr, R.L.; Esco, M.R. Electromyographic Comparison of Traditional and Suspension Push-Ups. . Hum. Kinet. 2013, 39, 75-83.
[CrossRef]

Schoenfeld, B.J.; Contreras, B.; Willardson, ].M.; Fontana, F.; Tiryaki-Sonmez, G. Muscle Activation during Low- versus High-Load
Resistance Training in Well-Trained Men. Eur. |. Appl. Physiol. 2014, 114, 2491-2497. [CrossRef]

Andersen, V.; Fimland, M.S.; Mo, D.A.; Iversen, V.M.; Vederhus, T.; Rockland Hellebg, L.R.; Nordaune, K.I.; Saeterbakken, A.H.
Electromyographic Comparison of Barbell Deadlift, Hex Bar Deadlift, and Hip Thrust Exercises: A Cross-over Study. . Strength
Cond. Res. 2018, 32, 587-593. [CrossRef]

Gonzalez, A.M.; Ghigiarelli, ].].; Sell, K.M.; Shone, E.W.; Kelly, C.E; Mangine, G.T. Muscle Activation during Resistance Exercise
at 70% and 90% 1-Repetition Maximum in Resistance-Trained Men. Muscle Nerve 2017, 56, 505-509. [CrossRef]

Mausehund, L.; Werkhausen, A.; Bartsch, J.; Krosshaug, T. Understanding Bench Press Biomechanics—The Necessity of Measuring
Lateral Barbell Forces. |. Strength Cond. Res. 2022, 36, 2685-2695. [CrossRef]

Van den Tillaar, R.; Andersen, V.; Saeterbakken, A.H. Comparison of Muscle Activation and Kinematics during Free-Weight Back
Squats with Different Loads. PLoS ONE 2019, 14, e0217044. [CrossRef]

Albarello, ].C.d.S.; Cabral, H.V,; Leitao, B.EM.; Halmenschlager, G.H.; Lulic-Kuryllo, T.; da Matta, T.T. Non-Uniform Excitation
of Pectoralis Major Induced by Changes in Bench Press Inclination Leads to Uneven Variations in the Cross-Sectional Area
Measured by Panoramic Ultrasonography. J. Electromyogr. Kinesiol. 2022, 67, 102722. [CrossRef] [PubMed]

Akima, H.; Maeda, H.; Koike, T.; Ishida, K. Effect of Elbow Joint Angles on Electromyographic Activity versus Force Relationships
of Synergistic Muscles of the Triceps Brachii. PLoS ONE 2021, 16, e0252644. [CrossRef] [PubMed]

Picerno, P; lannetta, D.; Comotto, S.; Donati, M.; Pecoraro, F,; Zok, M.; Tollis, G.; Figura, M.; Varalda, C.; Di Muzio, D.; et al. IRM
Prediction: A Novel Methodology Based on the Force—Velocity and Load-Velocity Relationships. Eur. J. Appl. Physiol. 2016, 116,
2035-2043. [CrossRef] [PubMed]

Stastny, P.; Gotas, A.; Blazek, D.; Maszczyk, A.; Wilk, M.; Pietraszewski, P.; Petr, M.; Uhlir, P.; Zajac, A. A Systematic Review of
Surface Electromyography Analyses of the Bench Press Movement Task. PLoS ONE 2017, 12, e0171632. [CrossRef]

Mehr, K. Surface Electromyography in Orthodontics—A Literature Review. Med. Sci. Monit. 2013, 19, 416-423. [CrossRef]
Cormie, P.; McGuigan, M.R.; Newton, R.U. Developing Maximal Neuromuscular Power Part 1-Biological Basis of Maximal Power
Production. Sports Med. 2011, 41, 17-38. [CrossRef]

Schwanbeck, S.R.; Cornish, S.M.; Barss, T.; Chilibeck, P.D. Effects of Training with Free Weights Versus Machines on Muscle Mass,
Strength, Free Testosterone, and Free Cortisol Levels. . Strength. Cond. Res. 2020, 34, 1851-1859. [CrossRef]

Kim, D.-I; Lee, D.H.; Hong, S.; Jo, S.; Won, Y.; Jeon, ]J.Y. Six Weeks of Combined Aerobic and Resistance Exercise Using Outdoor
Exercise Machines Improves Fitness, Insulin Resistance, and Chemerin in the Korean Elderly: A Pilot Randomized Controlled
Trial. Arch. Gerontol. Geriatr. 2018, 75, 59—-64. [CrossRef]

Snyder, B.J.; Fry, W.R. Effect of Verbal Instruction on Muscle Activity Duringthe Bench Press Exercise. . Strength. Cond. Res. 2012,
26, 2394-2400. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

174



sensors m\D\Py

Article
Time-Normalization Approach for fNIRS Data During Tasks
with High Variability in Duration

Anna Falivene '**, Charlotte Johnson >3, Katrijn Klingels 3, Pieter Meyns 3, Evi Verbecque 3, Ann Hallemans 2,

Emilia Biffi !, Caterina Piazza ! and Alessandro Crippa !

L Scientific Institute IRCCS E. Medea, 23842 Bosisio Parini, Italy; emilia.biffi@lanostrafamiglia.it (E.B.);
caterina.piazza@lanostrafamiglia.it (C.P.); alessandro.crippa@lanostrafamiglia.it (A.C.)

2 Research Group MOVANT, Department of Rehabilitation Sciences and Physiotherapy (REVAKI), University

of Antwerp, 2610 Wilrijk, Belgium; charlotte johnson@uantwerpen.be (C.J.);

ann.hallemans@uantwerpen.be (A.H.)

Research Centre (REVAL), Faculty of Rehabilitation Sciences and Physiotherapy, Hasselt University,

3590 Diepenbeek, Belgium; katrijn.klingels@uhasselt.be (K.K.); pieter.meyns@uhasselt.be (P.M.);

evi.verbecque@ubhasselt.be (E.V.)

Correspondence: anna.falivene@lanostrafamiglia.it

These authors contributed equally to this work.

Abstract: Functional near-infrared spectroscopy (fNIRS) is particularly suitable for mea-
suring brain activity during motor tasks, due to its portability and good motion tolerance.
In such cases, the trials” duration may vary depending on the experimental conditions
or the participant’s response, therefore a comparison of hemodynamic responses across
repetitions cannot be properly performed. In this work, we present a MATLAB (R2023a)
function (TaskNorm.m) developed for time-normalizing fNIRS data recorded during trials
with different durations. It is based on a spline interpolation method that rescales the
time -axis to the percentage of the trial with a fixed number of samples. This allows us to
successively average across repetitions to obtain the mean hemodynamic responses and
complete the standard data processing. The algorithm was tested on eight subjects (four
with developmental coordination disorder, age: 9.78 4 0.30 and four typically developing
children, age: 9.02 £ 0.30) performing three different tasks. The results show that the
TaskNorm function works as expected, allowing both a comparison and averaging of the
data across multiple repetitions. The performance of the function is independent of the task
or the pre-processing pipeline applied. The proposed function is publicly available and
importable into the HomER3 package (v1.72.0), representing a further step in the ongoing
standardization process of f{NIRS data analysis.

Keywords: data time-normalization; functional near-infrared spectroscopy; spline
interpolation; self-paced tasks; MATLAB

1. Introduction

In the last decades, the use of functional near-infrared spectroscopy (fNIRS) has seen
an important increase as a tool for investigating functional brain activity with a wide range
of applications in the field of neuroscience [1,2]. Functional NIRS is an optical neuroimaging
technique that monitors hemodynamic changes within the brain through optical sensors
placed on the surface of the scalp. In particular, light at different wavelengths (typically
between 650 and 850 nm) is emitted by sources onto the surface of the head. Modifications
in the optical absorption are then recorded by detectors to measure changes in blood
oxygenation in terms of cortical oxyhemoglobin (AHbO;), deoxyhemoglobin (AHbR), and

Sensors 2025, 25, 1768 https://doi.org/10.3390/s25061768
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total hemoglobin (AHbT) concentrations. During evoked activity in the cortex of the brain,
the increase in the blood flow in the active region alters the concentrations of the oxygenated
and deoxygenated hemoglobin in the brain, resulting in changes in the absorption of light
detected by the optodes [3]. Therefore, an increase in HbO, and HbT and a corresponding
decrease in HbR are expected in the activated areas [4,5].

Thus, fNIRS allows us to estimate brain activity indirectly based on hemodynamic
changes in the brain, providing a valid alternative to functional magnetic resonance imaging
(fMRI), which is considered the gold standard methodology for the assessment of cortical
and subcortical activity [6]. Nonetheless, f{MRI suffers from some important limitations
related to its costs, sensitivity to movement artefacts, and the restricted range of motion in
the scanner that affects both the tolerability of the technique and the types of tasks that can
be performed [7].

Although each available neuroimaging technique (e.g., fMRI, electroencephalography-
EEG, magnetoencephalography, and positron emission tomography) has advantages and
disadvantages, when compared to others, {NIRS is low-cost, non-invasive, and portable,
with a relatively good spatial /temporal resolution, and a good tolerance to motion [8].
Additionally, NIRS is particularly suitable to monitor brain activity in clinical and pedi-
atric populations, which traditionally experience more difficulties in undergoing fMRI [9].
Consequently, {NIRS has been classically exploited to assess task-related cortical activa-
tion during both cognitive (e.g., picture identification [10]; emotion recognition [11,12];
and memory tasks [13]), and motor activities [1] (e.g., walking [14,15]; balance control
tasks [16,17] involving walking over obstacles [18,19], and stepping tasks [20]), as well
as activities involving dual tasks (typically walking with a concomitant cognitive and/or
motor task [21,22]).

Experimental fNIRS protocols commonly include a baseline period and tasks with
fixed durations, but in some cases, the trials’ duration may vary depending either on the
experimental conditions or the participant’s response. This circumstance occurs when
subjects are asked to perform a specific number of repetitions of a given task as fast as
possible or when subjects walk a given distance at their preferred speed (i.e., self-paced
task). This is particularly true when a motor activity is involved [23], but it can also occur
when the brain activity is recorded during real-life conditions, such as working activities or
navigating through the environment [24,25], or even for brain—computer interfaces [26].

This variability may lead to statistical errors related to the aggregation of data that
are not directly comparable [27]. Moreover, most of the commonly used methods for
analysis are based on the event-locked or task-locked averaging of specific portions of
the continuous fNIRS signal. This is inaccurate in the case of periods of interest with
different time durations. In such cases, a time-normalization procedure is needed to match
the duration of different segments and concurrently preserve the main features while
reducing variability [27], so that results can be comparable between different trials and
later across participants.

Temporal normalization of the signal has been previously implemented for EEG data
using linear interpolation. In particular, in the case of motor activities, such as walking, the
single-trial signals are time-warped so that the different epochs are aligned and analyzed
as a percentage of the gait cycle [28-30].

As for fNIRS applications, the dynamic time warping (DTW) technique can be ex-
ploited in the case of variable latencies in task-induced activities to account for the temporal
variation in the alignment between two signals that need to be averaged as an enhanced al-
ternative to the most common method of point-by-point averaging, as in [31]. Furthermore,
the DTW algorithm can also be applicable with time series of different lengths, with the
goal of finding an optimal alighment between the two given sequences through local com-
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pressions and extensions of the temporal axes, with a minimal overall cost [32]. Specifically,
the time-axis of one signal is warped so that the maximum coincidence is attained with the
other [33]. However, in some cases, the over-stretching or over-compression [34] may not
fully preserve the signal shape, leading to a loss of information.

To date, to the best of our knowledge, a time-scale normalization of the fNIRS signal
that could address this issue is yet to be developed.

The aim of the present work was therefore to develop a MATLAB function (Tas-
kNorm.m) that time-normalizes the {NIRS concentration data, recorded during trials with
different durations, as a percentage of the trial by exploiting a spline interpolation method.
This step, when applied at the end of the pre-processing pipeline, would allow to obtain
fNIRS data of the same length and thus to compare the hemodynamic response function
(HRF) of trials of the same task, where there is no a priori defined stimulus/task duration.

The developed function is publicly available and is importable into the HomER3 [9]
package, which is one of the most used open-source MATLAB (The Mathworks, Inc.,
Natick, MA, USA) toolboxes for f{NIRS data visualization and analysis. This facilitates
the analysis of data recorded during trials with different durations by scientists with low
programming skills and contributes to the ongoing standardization process of pipelines for
fNIRS data analysis.

In order to test whether, when applying the developed algorithm, fNIRS concentra-
tions were aligned and therefore comparable with each other, we specifically examined
experimental NIRS data that were collected during three different balance control tasks
in children with developmental coordination disorder (DCD) and their typically devel-
oping (TD) peers. DCD is a neurodevelopmental condition characterized by a delay in
acquiring motor skills and poorer execution of coordinated movement, with a significant
impact on daily life [35]. DCD occurs in 5-6% of school-aged children, is typically present
since early childhood, and cannot be explained by other conditions, such as neurological
disorders, and intellectual or visual disabilities [35,36]. Children with DCD struggle with
balance in up to 87% of the cases, although the manifestations of these difficulties are very
heterogeneous [37]. The brain control mechanisms underlying these alterations are also
poorly understood [37,38]. To this end, real-time brain imaging fNIRS recordings during
movement can shed light on how the brain interacts with motor skills and balance con-
trol [39-41]. However, these signals are affected by variability due to the nature of the task
being performed, so a further standardization step is required, which can be implemented
using the function we proposed here.

In the following sections, detailed descriptions of the algorithm implemented in the
TaskNorm function (Section 2.1) of the fNIRS data acquisition protocol performed on eight
children during balance control tasks and of the signal pre-processing pipeline are provided
(Section 2.2). The results concerning the performance and applicability of the function are
reported in Section 3.

2. Materials and Methods

2.1. Algorithm Description

We implemented a MATLAB (R2023a) function TaskNorm.m that performs a time-
normalization of the concentration data for each repetition of the task, whose duration is
converted into a percentage (0-100%) of the trial duration.

The main steps of the TaskNorm function, and its integration in the processing pipeline,
are reported as a flowchart in Figure 1.
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Figure 1. The flowchart of the processing pipeline. The HbO,, HbR, and HbT data are given as an
input to the TaskNorm function, of which each step is highlighted. The output of the function is the
time-normalized signals and the HRF for each channel. Abbreviations: fNIRS = functional near-
infrared spectroscopy; HbO, = oxyhemoglobin concentration; HbR = deoxyhemoglobin concentration;
HbT = total hemoglobin concentration; and HRF = hemodynamic response function.

The main inputs of the function are the pre-processed concentration signal recorded
during the selected experimental task, along with the triggers that delimit each repetition
and its duration (stored directly in the raw .snirf files input in the pre-processing step);
and the durations (expressed in seconds) of the baseline and the post-task periods, which
are defined by the users in the two deltat parameters. The first deltat value accounts for
the duration of the baseline period before the task onset, while the second value accounts
for the duration of the post-task period (i.e., after the task offset). The users can choose
the appropriate values of these parameters according to both their research question and
experimental design. It is also possible not to consider the period after the end of the task
(setting the post-task duration to 0 s), making the baseline period the common reference to
measure the changes in the hemodynamic activity related to the task.

Once the deltat parameters are set, the concentration signal is segmented into several
epochs corresponding to the task repetitions, which include the baseline, the effective task,
and the post-task periods.

Afterwards, the time-normalization is performed by applying a spline interpolation to
each data segment relative to a single task repetition in order to estimate the signal value in
a desired and fixed number of points.

We developed two different versions of the time-normalization algorithm. In the first
version, the interpolation is performed separately for the baseline, for the task, and for the
post-task periods. This allows us to make the three phases distinguishable and to consider
the exact onset/end of each task’s repetition. The entire signal is then reassembled for
further analysis. Specifically, the baseline and post-task periods are interpolated using a
number of samples computed as in Equation (1):

#samplel-,j = C XAty 1)

where At;; is the deltat parameter referring to the baseline period (i) or post-task period (j),
and C is a constant value set arbitrarily to have an adequate number of points while at the
same time avoiding overfitting.

The number of samples for the task period is calculated as in Equation (2):

#sample = C x m 2

where m is the mean duration of all the repetitions and C is a constant value set with the
same criterion as above.

In the second version of the function, the whole task repetition is interpolated without
distinguishing the phases within it, computing the number of samples as in Equation (2),
with m being the duration of the three phases considered together. The final percentages
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related to the onset/end of the task were imposed by taking into account the corresponding
values in each repetition, the average of which was selected.

The effect of varying the value of C, from C =10 to C = 100, was tested by comparing
the Euclidean distance between the position of the maximum and minimum peaks of
the raw data with the position of the ones after the spline interpolation and the eventual
reassembling phase for each repetition. This was used as an error measure of the function.
The error becomes stable around C = 40, whereas a value of C = 90 or 100 would heavily
increase the number of samples needed for the interpolation. For these reasons, we chose
C =50 as we think this could be an adequate trade-off. However, the function can be easily
modified and this constant value can be set based on the experimental data of the specific
research (e.g., sampling frequency of the signal).

Regardless of the selected version of the function, both the mean value across repeti-
tions and the standard deviation of HbO,, HbR, and HbT concentrations of each channel
are then computed to obtain an average HRF for each channel. Next, a baseline correction
is applied to the resulting HRF: the mean value of the HRF during only the baseline period
is subtracted from the entire HRF to normalize the response, obtaining on average a value
of 0 uM for the HbO,, HbR, and HbT concentrations during the baseline period.

Furthermore, the developed function also allows the baseline-corrected mean HRF and
its standard deviation to be plotted in MATLAB, for both HbO, and HbR concentrations
for each channel, and the corresponding concentrations for each repetition (this can be
done by setting the input parameter show equal to 1; see Supplementary Figure S1).

The function was made compatible with the HomER3 toolbox [9]. Therefore, it is
possible to import the function in the HomER3 processing stream, run the stream all at
once, and visualize the hemodynamic response function (HRF) outcome directly in the
Main GUI, as well as to export the outcome for further analysis outside the HomER toolbox.

2.2. Testing of the Algorithm
2.2.1. Participants

The TaskNorm function was tested using the data acquired from eight children (age
range 8-10 years old), i.e., four children with DCD (mean age: 9.78 £ 0.30, 3 males) and
four typically developing children (mean age: 9.02 & 0.30, 2 males). Prior to inclusion, all
children and parents were informed about the methodology and duration of this study.
Parents, on behalf of their children, signed official informed consent to participate in the
study. This study was conducted according to the guidelines of the Declaration of Helsinki
and approved by the Committee for Medical Ethics UZA-UAntwerp (B300201941833).

2.2.2. Experimental Protocol

All participants performed six different balance tasks in a standardized order, while
undergoing fNIRS and electromyography (EMG). For the purpose of this study, EMG data
were only exploited to identify the start and the ending of the proposed task by examining
muscle activity. The experimental paradigm is presented in Figure 2. The {NIRS and EMG
data-recording procedure lasted for approximately 30 min. The proposed tasks were chosen
from a physiotherapeutic balance test: the Balance Evaluation Systems Test for Children
(Kids-BESTest) [42]. Among the six tasks (described in Table 1), three were selected to
test the algorithm. Specifically, we first excluded tasks with only one repetition, as the
algorithm requires a minimum of two repetitions to be applied. Among the remaining
tasks, we selected one task per section, as presented in the Kids-BESTest: for the ‘Stability
in gait” section, we selected the walking task, which is the most common and analyzed
task in the literature; for the ‘Anticipatory postural adjustment” section, the alternate stair
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touching task was chosen since it is a more comprehensive task with respect to the others;

and for ‘Stability limits’, the leaning task was kept.

Table 1. Brief descriptions of the tasks proposed in the experimental protocol. Bold text indicates the

tasks selected for the testing of the algorithm.

Task Baseline/Rest Position Repetitions
. . Mean
KldS-BE.ST Test Name Explanation Description Intra-j[“rlal Mean N Duration
Section Duration (SD) [s]
(SD) [s]
The child taps with their
feet on a stool in front of
Anticipatory Alternate stair ~ them alternately with ~ Standing on .
postural adjustment touching the left and right foot as two feet 12.70 (4.11) > times 781 (146)
fast and as controlled as
possible.
The child leans as far
and as stable as possible
Leaning left sidewards while seated,
Stability limits and right without falling and Sitting 12.59 (12.16) 10 times  12.87 (2.25)
while seated  keeping their feet on the
ground. Arms are
crossed at the chest.
The child walks 6 m Standing on
Stability in gait Walking over level ground as 5 11.3 (6.91) 6 times 6.60 (1.30)
. two feet
fluently as possible.
The child stands on one
. . leg for as long as .
o ﬁ?ﬁiﬁiigeﬂ . Stir;‘inl‘eg O possible. This exercise is Sti‘:;i‘?ege ton 60.56 (22) 6times  18.88 (11.21)
p ) & then repeated with the
other leg.
The therapist holds the
child, who resists.
Reactive postural In place When the therapist Standing on .
responses response— suddenly releases the two feet - 1 time 0.1(0)
backward child, he/she should
keep balancewithout
taking a step.
The child leans beyond
theirbackward limits
against the therapist’s
Reactive postural Corsrtf enisr?tory hands. When the Standing on
P pping therapist suddenly 5 - 1 time 0.1 (0)
responses correction— . two feet
backward releases the child,
he/she should be able

to avoid falling, perhaps
even taking a step.

The fNIRS raw data collected during the three selected tasks are publicly available at

https://doi.org/10.5281/zenodo.10124956, Zenodo.
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Figure 2. Complete experimental paradigm. For the tasks used for the testing procedure, the number
of repetitions and inter-trial intervals and an example photo of a subject performing the task are
provided. Abbreviations: B = Initial Baseline; R; = Repetition i; and ITI = Inter-trial interval.

2.2.3. Signal Acquisition and Pre-Processing

The NIRSport2 device (NIRx Medical Technologies, Berlin, Germany) was used for
recording fNIRS data with a sampling rate of 10.27 Hz, with two continuous wavelengths
(760 nm and 850 nm), 8 sources, and 8 detectors (dual-tip). The probe configuration was
generated using the fNIRS optodes locator decider (fOLD) open source toolbox (Zimeo
Morais GA). Specifically, the most specific channels were chosen to represent each region
of interest (ROI) (i.e., supplementary motor area—SMA /premotor cortex—PMC and infe-
rior /superior parietal lobule—IPL/SPL brain areas), using an 8-8 optode bundle placed
according to the 10-10 international system (Supplementary Figure S2). More precisely,
sources were placed at FC3, FCz, FC4, C1, C2, Cp3, CPz, and CP4 positions; whereas
detectors were located at FC1, FC2, C3, Cz, C4, CP1, and CP2 channel positions.

Data were acquired using Aurora fNIRS 2021.9 Acquisition Software for Windows
(NIRx Medical Technologies, Berlin, Germany). Simultaneously, EMG was recorded using
Delsys Trigno™ (Delsys Inc., Natick, USA). As an event marker, to identify start and stop
of each trial, an analog input adapter connected to the EMG device (Delsys Inc., Natick,
USA) was used.

The fNIRS signal pre-processing was performed using the HomER3 package
(v1.72.0) [9] according to the workflow and parameters described in other studies [43-45].
Specifically, the raw light intensity was initially converted into optical density with the
hmyR_Intensity2OD function.

A minimum of 0 and a maximum of 3 channels (Mean = 0.42 SD = 0.88), whose signals
were too weak, too strong, or had a high standard deviation with respect to the thresholds
defined in [44], were pruned with the hmrR_PruneChannels function (setting dRange(1) =
5 x 107%; dRange(2) = 1, SNRtresh = 10; and SDrange = [0, 45]) and then discarded from
further analysis.

Motion artefacts correction was performed using a combination of a 5-s moving
average filter and a discrete wavelet transform was applied to every channel data series
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exploiting the hmrR_MovingAverage and hmrR_MotionCorrectWavelet functions (setting the
interquartile range to 0.1, as in [46]), and as performed in [43]. The remaining motion
artefacts were then detected using the hmrR_MotionArtifactByChannel function (setting
tMotion = 1; tMask = 1; STDEVthresh = 50.0; and AMPthresh = 0.60).

Moreover, a band-pass filter (hpf = 0.01; Ipf = 0.2, cut-off frequencies expressed in Hz)
was used to remove instrumental and physiological noises with the hmrR_BandpassFilt
function.

The optical density data were converted to hemoglobin concentrations (HbO,, HbR,
and HbT) applying the Modified Beer-Lambert Law (MBLL), which is implemented in the
hmyrR_OD2Conc function (ppf = [1.8, 1.8]).

Finally, the hmrR_TaskNorm function (deltat = [2, 3]) was used to obtain the average
HREF for each analyzed task. We set the duration of the baseline to 2 s, which can be
considered an adequate period of time to obtain an accurate average of the baseline signal,
while the post-task duration was imposed at 3. The outcome of the hmrR_TaskNorm function
can be used for further analyses (e.g., compare HRF of different channels or groups of
subjects, as done in Section 3.2).

2.2.4. Statistical Analysis

Both versions of the algorithm were applied to the three tasks to test their working
principle. A quantitative validation of the function performance in preserving the shape
of the raw signal was performed by comparing with non-parametric paired tests the
amplitude and the time of occurrence of maximum and minimum peaks between the
two signals.

In addition, for each subject and repetition, the onset and offset values were stored
(see Supplementary Materials) and the difference between the outcomes of the two versions
of the function was calculated to compare the error made by the second one.

Shapiro-Wilk normality test was performed to verify the distribution of the resulting
data. We then investigated the differences between the performances of the two algorithms
in terms of accuracy in identifying onset and offset percentages with respect to the entire
task duration by means of a Wilcoxon signed-rank test, according to the normality test
outcome. The One Sample t-test was applied to the error data to statistically compare
the mean of the observed data to the assumed zero mean. Furthermore, the two codes
were compared in terms of smoothness of signals with a Wilcoxon signed-rank test. The
standard deviation of the first derivative of each task repetition was computed as an index
of signal smoothness.

For all statistical tests, significance level was set at p < 0.05.

3. Results
3.1. Results of the TaskNorm.m Function

The example provided in Figure 3 shows how the time-scale normalization with
the spline interpolation preserved the original shape of the data, while aligning the time
scale. Statistical tests on pre-post interpolation differences at the time of occurrence of
the characteristic points yielded no statistically significant differences (p > 0.05), whereas
significant differences are present when considering the amplitude of such points (p < 0.01).
However, the mean difference between the raw and interpolated signals of the amplitude
of the maximum peaks and minimum peaks were 1,61 x 10~* uM and 1,62 x 10~* uM
respectively, which we assume to be acceptable.

Time-normalization, thus, allowed for an effective comparison, and a subsequent
averaging, across different repetitions of the tasks and consequently between subjects.
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Figure 3. (a) The concentration data for each repetition before interpolation and (b) the concentration
data following the time-normalization procedure. The figures are referring to the HbO, data recorded
by one channel for one subject performing one task, as an example.

Table 2 displays the percentage of onsets and offsets in relation to task duration, along
with the corresponding standard deviation, for each subject and task as obtained by the
two different methods. For the sake of simplicity, the table shows only the mean values
over the repetitions of each task, while the statistical tests described in Section 2.2.4 were
performed on the data presented in Supplementary Table S1. In the first version, the values
correspond exactly to the beginning and end of the task (this is why the resulting standard
deviations are zero), since the three phases were kept distinguishable, while in the second
case, the values obtained are only an estimation. The statistical analysis yielded a significant
difference between the two functions only in the identification of the offsets (p < 0.01) and
the related error values (p < 0.001).

As for the smoothness of the signals, the results of the performed test showed statisti-
cally significant differences between the two versions (p < 0.01) for each channel and for
both the HbO, and HbR concentration signals.

Both versions of the TaskNorm.m are publicly available on Zenodo (https:/ /doi.org/10
.5281/zenodo.10043158). Furthermore, the first version of the function has been merged into
the HomER3 master branch on GitHub, so it is now available as part of the HomER3 tool-
box at https://github.com/BUNPC/Homer3/tree /master /FuncRegistry /UserFunctions
(accessed on 21 December 2023). The aim of the present work is thus to describe, for the
first time, to a possible user of the function, its rationale, the working principle, and its
applicability in real data analysis, describing also the possible differences between the
two versions.
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Table 2. Difference between first and second version in identifying onset and offset. Mean values

(and standard deviation) with respect to %trial are reported for each subject and task.

First Version

Second Version

Task ID Code Mean Duration %Mean Onset %Mean Offset %Mean Onset %Mean Offset
(SD) (SD) (SD) (SD) (SD)

Walking DCD_1 8.38 (1.26) 15.15 (0) 76.97 (0) 14.95 (1.26) 76.89 (2.02)

Walking DCD_2 5.16 (0.94) 19.72 (0) 70.02 (0) 19.64 (1.78) 69.54 (2.79)

Walking DCD_3 6.76 (0.47) 16.42 (0) 75.04 (0) 17.03 (0.69) 73.79 (1.07)

Walking DCD_4 6.27 (0.66) 17.92 (0) 72.76 (0) 17.85 (1.04) 72.53 (1.67)

Walking TD_ 1 6.25 (0.5) 17.92 (0) 72.76 (0) 17.67 (0.75) 72.56 (1.16)

Walking TD_ 2 5.34 (0.37) 19.72 (0) 70.02 (0) 19.24 (0.7) 70.14 (1.09)

Walking TD_3 6.31 (0.42) 17.92 (0) 72.76 (0) 17.67 (0.69) 72.86 (1.03)

Walking TD_4 8.32 (0.35) 15.15 (0) 76.97 (0) 14.95 (0.34) 76.89 (0.55)
Alternate stair

touching DCD_1 10.21 (0.96) 13.12 (0) 80.05 (0) 13.08 (0.77) 79.71 (1.24)
Alternate stair

touching DCD_2 6.89 (1.07) 16.42 (0) 75.04 (0) 16.69 (1.39) 74.12 (2.2)
Alternate stair

touching DCD_3 7.63 (0.93) 15.15 (0) 76.97 (0) 15.87 (1.2) 75.5 (1.86)
Alternate stair

touching DCD_4 9.09 (0.99) 14.06 (0) 78.62 (0) 14.16 (0.93) 78.11 (1.5)
Alternate stair

touching TD_1 6.89 (1.17) 16.42 (0) 75.04 (0) 16.86 (1.61) 73.96 (2.61)
Alternate stair

touching TD 2 6.24 (0.28) 17.92 (0) 72.76 (0) 17.85 (0.49) 72.5(0.79)
Alternate stair

touching TD_3 7.23 (0.28) 16.42 (0) 75.04 (0) 16.36 (0.3) 74.79 (0.52)
Alternate stair

touching TD_4 8.3 (0.37) 15.15 (0) 76.97 (0) 14.95 (0.43) 76.89 (0.66)

Leaning DCD_1 12.87 (1.22) 10.93 (0) 83.39 (0) 11.23 (0.8) 82.65 (1.23)

Leaning DCD_2 11.12 (1.43) 12.3 (0) 81.3 (0) 12.39 (1.2) 80.85 (1.9)

Leaning DCD_3 13.17 (1.44) 10.93 (0) 83.39 (0) 11.01 (0.85) 82.98 (1.32)

Leaning DCD_4 11.45 (1.05) 12.3 (0) 81.3 (0) 12.14 (0.74) 81.23 (1.15)

Leaning TD_ 1 13.28 (1.23) 10.93 (0) 83.39 (0) 10.9 (0.69) 83.09 (1.08)

Leaning TD 2 12.65 (1.21) 10.93 (0) 83.39 (0) 11.35 (0.78) 82.54 (1.22)

Leaning TD_3 11.37 (0.79) 12.3 (0) 81.3 (0) 12.14 (0.6) 81.23 (0.89)

Leaning TD_4 17.09 (2.45) 8.93 (0) 86.42 (0) 9.1 (0.94) 85.99 (1.48)

Figures 4 and 5 show two examples of the output of the function, when setting the

show parameter to 1, related to a single channel for one subject performing the walking task.

Specifically, the effect of the deltat parameters is highlighted: Figure 4 displays the hemo-

dynamic response with a 2-s baseline and a 3-s post-task period (deltat = [2, 3]), whereas

Figure 5 demonstrates the possibility of adjusting the baseline duration to normalize the

signal and not considering the post-task period (deltat = [1, 0]). In both cases, the mean
baseline-corrected HRF and its standard deviation are reported for both the HbO, and HbR
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Figure 4. Example of the output of the function when setting deltat = [2, 3]. The output is related to a
single channel during the walking task, for a single subject. Mean hemodynamic responses (and stan-
dard deviation area), time-normalized HbO, concentrations for each repetition, and time-normalized
HbR concentrations for each repetition are shown. Abbreviations: HRF = hemodynamic response
function; HbO, = oxyhemoglobin concentration; and HbR = deoxyhemoglobin concentration.
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Figure 5. Example of the output of the function when setting deltat = [1, 0]. The output is related to
a single channel during the walking task, for a single subject. In this case, the post-task period has
not been considered. Mean hemodynamic responses (and standard deviation area), time-normalized
HbO, concentrations for each repetition, and time-normalized HbR concentrations for each repeti-
tion are shown. Abbreviations: HRF = hemodynamic response function; HbO, = oxyhemoglobin
concentration; and HbR = deoxyhemoglobin concentration.

Once the function is imported into the HomER processing stream, the HRF outcome
is displayed in the Homer3 MainGUI (see Supplementary Figure S3) and may be further
analyzed using the other available tools in the HomER package [9].

3.2. Results of the Testing

Once the HRF had been extracted for each subject and task, it was possible to compute
the mean HRF for the two groups for the selected channel. Both versions of the algorithm
were applied to the three tasks to test their working principle. For the sake of simplicity
and in order to show the results derived from the use of both versions, the outcome HRF
during the alternate stair touching task and the leaning task obtained with the first version
of the function and the walking task HRF derived with the second version are presented in
the current work.

Figure 6 depicts the HRF outcomes for the different tasks, referring to HbO, concen-
trations, averaged across DCD and TD children and across the defined channel ROIs. As
for the baseline period, a reduced standard deviation can be noticed across all tasks and all
the ROIs due to the baseline-correction procedure that bounds that portion of the signal in
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arange around 0 um. During the effective task execution period, a task-induced increase
can be generally observed in the mean HRF, relative to the HbO, concentration. On the
other hand, a general decreasing trend in the hemodynamic responses can be observed in
the post-task periods that can be considered a resting phase with lower brain activation.
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Figure 6. Example of the hemodynamic response (mean and standard deviation area) related to HbO,
concentrations averaged across subject and channel clusters (up: SMA/PMC regions of interest,
down: IPL/SPL regions of interest), divided into the three tasks: First column) Alternate stair
touching task; Second column) Leaning task; and Third column) Walking task. An increasing trend
during task execution and a subsequent decrease towards and during the post-task period can be
observed. Abbreviations: SMA = supplementary motor area; PMC = premotor cortex; IPL = inferior
parietal lobule; and SPL = superior parietal lobule.

The same averaging procedure was performed for the HRF related to the HbR con-
centrations (Figure 7). A general opposing trend can be found in the HbR concentrations
with respect to the HbO, concentrations during the different tasks. In particular, during
the execution of the task, a decrease in the HbR concentration and a subsequent increase
towards and during the post-task period can be observed. HbR concentrations during the
baseline periods can be interpreted in the same way as for the HbO,.

Neither the group nor the task analyzed had an impact on the algorithm’s outcomes.
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Figure 7. Example of the hemodynamic response (mean and standard deviation area) related to

HbR concentrations averaged across subject and channel clusters (up: SMA /PMC regions of interest,

down: IPL/SPL regions of interest), divided into the three tasks: First column) Alternate stair

touching task; Second column) Leaning task; and Third column) Walking task. A decreasing trend

during task execution and a subsequent increase towards and during the post-task period can be

observed, opposite to the HbO, behaviour. Abbreviations: SMA = supplementary motor area;

PMC = premotor cortex; IPL = inferior parietal lobule; and SPL = superior parietal lobule.

4. Discussion

The present study introduces a novel function for the time-normalization of hemody-

namic responses recorded during trials in which there is no a priori defined task duration.

This is particularly true for experimental designs that include motor tasks that can be

performed at self-paced conditions. Indeed, in such cases it is not possible to compare

data recorded during either different repetitions of the same task or between different

subjects. For this reason, the function interpolates the processed data with a fixed number

of samples, which are then expressed as a function of the percentage of the trial duration.

This allows us to successively apply the standard procedure of analyzing fNIRS data (i.e.,

averaging across trials to obtain the mean hemodynamic responses) without the need of
gmng Y p

advanced programming skills.
The TaskNorm function operates with the same fundamental concept as the HomER3

function hmrR_BlockAvg [9], computing the mean baseline-corrected HRF of the concen-

trations of each repetition of the task. However, the original hmrR_BlockAvg function is

not applicable in the experimental conditions as outlined above, since the inputs of this

function are the baseline period before the task onset and a fixed interval period after the

task onset across all trials. The variability in the duration of each repetition is therefore

not considered, leading to incorrect averaging and comparisons. Hence, there is a need to

develop a new function to address this issue.
Other techniques, such as the DTW algorithm, are exploited in the field of fNIRS
analysis [31] to align one signal to a second time series, which can also be recorded during

trials of different durations, through local compressions and extensions of the temporal

axes. However, the stretching of the signals may lead to a modification of the original

shape, which would not be preserved. Furthermore, DTW-based averaging can be realized

by aligning the data to a reference signal (which we do not have) or the average must be
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obtained sequentially in a pairwise manner, with a risk of error propagation. In these cases,
the temporal alignment is performed with respect to the signal of reference, which would
result in an incorrect temporal representation of the final HRF. For these reasons, a direct
quantitative comparison of the performance of the DTW with our function is not possible.

The present work aimed to address the aforementioned issues by implementing
the TaskNorm function, which was designed with the primary purpose of normalizing
the data to ensure a proper comparison. Two versions of the TaskNorm function were
developed with different modalities of data interpolation. In the first version, the three
phases of the task (i.e., baseline, task duration, and post-task duration) are separately
interpolated, and then the signal is reassembled, while in the second version, the function
interpolates the signal related to the entire task. The first version allowed the onset and
the end of the task to be accurately identified as a percentage of the trial, while statistical
analyses show that the second version made a significant error in identifying the offset.
Thus, this first version can be particularly useful when the experimental design requires a
higher temporal resolution, as in the case of rapid event-related designs or when fNIRS is
combined with EEG recordings. The first version of the algorithm could also be preferred
when exploring plausible between-subject differences specifically related to either the
“preparation/planning phase” of the response or the post-task recovery, or when interested
in analyzing individual intra-trial differences. Conversely, the signals obtained with the
latter version have a significantly lower smoothness index, thus resulting in a smoother
signal. This version seems therefore more appropriate for research focusing on the overall
hemodynamic response throughout the entire trial.

Both versions of the function were tested on fNIRS data recorded in eight participants
(four children with DCD and four TD children) during three different tasks (alternate stair
touching, leaning, and walking). Participants were asked to perform each task for a fixed
number of times at their own pace, so that no fixed trial duration was imposed.

The present results show that the algorithm correctly allows comparisons and aver-
aging of data from each channel across multiple repetitions of the same task, even if they
have different durations, because of the time-normalization performed.

Thereafter, hemodynamic responses for each channel were averaged across subjects
and then across SMA /PMC and IPL/SPL brain ROIs for each task. The resulting HRFs are
consistent with the previous literature [17,47], as a general increase in cortical activity that
is attributable to task performance was expected, whereas an opposing trend characterizes
the HbR responses. Nevertheless, the small sample size represents a limitation of this study,
thus it is important to acknowledge that these responses can be analyzed only qualitatively,
as they are the result of a comparison on a limited number of subjects. Indeed, the purpose
of this study is to test the applicability of the implemented algorithm to obtain a mean HRF
value across repetitions for each subject (which allows the subsequent average computation
across subjects), rather than study the brain activation elicited by the different tasks or the
differences between the two groups.

The final outcome of the function is independent either from the task or from the
pre-processing pipeline applied to the data, since the only parameters needed are the
continuous fNIRS signal of the task considered, and the durations of the baseline and the
post-task periods (both parameters are set by the users). We are aware that because of our
selection of the deltat parameters, an overlap between the HRF from one repetition and one
from a successive repetition may occur. However, our purpose was to present the entire
functionality of the TuskNorm function and statistically evaluate all the differences between
the two versions (i.e., trial phase segmentation, onset/offset identification). For this reason,
we decided to perform the analysis while also considering the post-task period. However,
the user can select the appropriate deltat values for the experimental protocol in order to
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obtain proper results. This ensures the generalizability and flexibility of the function for
different experimental designs, including motor or cognitive task analysis.

The present function introduced a time-normalization step in an already existing and
widely used procedure (i.e., block-average analysis). This was done to enable this analysis
to be performed correctly even under conditions where it could not be (e.g., varying tasks
duration). Future developments envisage the possible integration of this step into other
analysis techniques that do not take into account different trial durations.

Finally, future prospects will focus on possible applications of the algorithm to a larger
number of subjects but also to different populations, such as healthy or neurologically
impaired individuals, as well as pediatric and adult ages. Participants may perform
self-paced motor/balance tasks but also cognitive or in real-life conditions tasks, such
as working activities. Different brain regions can be investigated (such as the frontal,
parietal, or temporal areas) also enabling quantitative assessments of group-related or
task-related differences.

5. Conclusions

The present work responds to the need for a method suitable for fNIRS analysis to
compare data across different trials and subjects in studies where task trials have variable
durations. To this end, we developed the TaskNorm.m function, which allows rescaling of
the time-axis in each trial to a common reference duration set to a percentage of the trial
duration, with a spline interpolation method. The novelty of the current study lies mainly
in the application of the f{NIRS data analysis, since time-normalization techniques for {NIRS
data in such conditions are yet to be implemented, rather than in the methodological
aspects, as it exploits an already existing methodology.

The function is structured so that it is readable and importable in the HomER process-
ing stream by the user, but is also available as part of the HomER3 package [9], which is a
toolbox developed and distributed to facilitate the processing of the fNIRS signal, which
still lacks a well-defined and standardized procedure due to the relative novelty of this
imaging technique [8].

Moreover, the function is already available on the Zenodo platform, and both versions
can be used independently, without being imported into the HomER package. This makes
them accessible to those who do not use this package or are merely interested in the
time-normalization procedure. Additionally, the main aspects of the function can be
easily converted to other programming languages (e.g., C++ or Python), so that is widely
applicable to different settings and experimental research.

Therefore, we feel that the function proposed here could be a further step in con-
tributing to the ongoing process of developing a standardized signal analysis pipeline for
fNIRS data.

Supplementary Materials: The following supporting information can be downloaded at https://
www.mdpi.com/article/10.3390/s25061768/s1, Figure S1: Screenshot of the Processing Stream GUI
with the parameters set for the presented analysis; Figure S2: Clustering of channels in SMA /PMC
(green area) and IPL/SPL (yellow area) regions of interest. Abbreviations: SMA = supplementary
motor area; PMC = premotor cortex; IPL = inferior parietal lobule; and SPL = superior parietal lobule;
Figure S3: Homer3 MainGUI. Example of hemodynamic response (HRF) outcome (oxyhemoglobin-
HbO, and deoxyhemoglobin-HbR concentrations). Table S1: Difference between first and second
version in identifying onset and offset.
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Abbreviations

The following abbreviations are used in this manuscript:

fNIRS  functional near-infrared spectroscopy
HbO,  oxyhemoglobin

HbR deoxyhemoglobin

HT total hemoglobin

fMRI  functional magnetic resonance imaging
EEG electroencephalography

DTW  dynamic time warping

DCD  developmental coordination disorder
TD typically developing

HRF hemodynamic response function
EMG  electromyography

fOLD  fNIRS optodes locator decider

SMA  supplementary motor rea

PMC  premotor cortex

IPL inferior parietal lobule
SPL superior parietal lobule
ROI regions of interest
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Abstract: Chronic pain is prevalent and disproportionately impacts adults with a lower
quality of life. Although subjective self-reporting is the “gold standard” for pain assess-
ment, tools are needed to objectively monitor and account for inter-individual differences.
This study introduced a novel framework to objectively classify pain intensity levels using
physiological signals during Quantitative Sensory Testing sessions. Twenty-four partici-
pants participated in the study wearing physiological sensors (blood volume pulse (BVP),
galvanic skin response (GSR), electromyography (EMG), respiration rate (RR), skin tem-
perature (ST), and pupillometry). This study employed two analysis plans. Plan 1 utilized
a grid search methodology with a 10-fold cross-validation framework to optimize time
windows (1-5 s) and machine learning hyperparameters for pain classification tasks. The
optimal time windows were identified as 3 s for the pressure session, 2 s for the pinprick
session, and 1 s for the cuff session. Analysis Plan 2 implemented a leave-one-out design to
evaluate the individual contribution of each sensor modality. By systematically excluding
one sensor’s features at a time, the performance of these sensor sets was compared to the
full model using Wilcoxon signed-rank tests. BVP emerged as a critical sensor, significantly
influencing performance in both pinprick and cuff sessions. Conversely, GSR, RR, and
pupillometry demonstrated stimulus-specific sensitivity, significantly contributing to the
cuff session but with limited influence in other sessions. EMG and ST showed minimal
impact across all sessions, suggesting they are non-critical and suitable for reducing sensor
redundancy. These findings advance the design of sensor configurations for personalized
pain management. Future research will focus on refining sensor integration and addressing
stimulus-specific physiological responses.

Keywords: machine learning; pain intensity; physiological signals; quantitative sensory
testing; sensor modality; time window

1. Introduction

Pain is a complex and subjective experience, remaining one of the most significant
clinical challenges, with 51.6 million U.S. adults (20.9%) experiencing chronic pain and
17.1 million (6.9%) suffering from high-impact chronic pain during 2021 [1,2]. The symp-
tom of chronic pain causes the greatest source of disability for human beings, leading to
substantial issues and affecting the quality of life for individuals and society [3,4].

Pain can be understood as a conscious interpretation of sensory stimuli that triggers
nociceptive afferents, accompanied by the mental projection of these stimuli onto spe-
cific body regions. Pain assessment involves approximating an individual’s subjective
self-report, which serves as their ground truth [5,6]. The traditional pain assessment is

Sensors 2025, 25, 2086 https://doi.org/10.3390/s25072086
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performed through a survey based on participants’ subjective perception of their pain, such
as the numeric rating scale (NRS), the visual analogue scale (VAS), and the verbal rating
scale (VRS). However, self-reported assessments are prone to bias from anxiety, memories,
pain intensity, and physical activities [6-8]. The consequences of such inaccuracies can lead
to under-treatment and over-treatment of pain that is either ineffective or detrimental to
patient safety [9,10].

Quantitative Sensory Testing (QST) was developed as an objective, standardized way to
evaluate pain sensitivity and pain perception using calibrated mechanical or thermal stimuli
to measure sensory thresholds and tolerances [11]. This technique can aid in diagnosing
conditions such as neuropathic pain and chronic low back pain by detecting abnormalities
in QST sessions. For example, one QST session, the cuff inflation test, has shown that cLBP
patients require lower cuff pressure to evoke moderate pain compared with healthy controls,
and they also rate mechanical probes as more painful [12]. In addition, psychosocial factors—
including emotional states and pain catastrophizing—further influence nociceptive processing
and contribute to variations in pain perception [13,14].

Physiological sensors have developed as an objective measurement of human states
and characteristics [15-17], such as blood volume pulse (BVP), electroencephalogram
(EEG), galvanic skin response (GSR), respiration rate (RR), electromyography (EMG), skin
temperature (ST), and pupillometry. For example, increased skin conductance level in
GSR was detected when external noxious stimuli (e.g., pressure, thermal, cold pain) were
presented [18]. Heart rate and heart rate variability, which can be derived from BVP signals,
is associated with a stress response. During different pain stimuli, a decreased BVP or
an increase in heart rate have been observed [19,20]. ST can be measured in the palm
and the back of the hand, and decreased ST has been reported during and after painful
stimuli [20,21]. EEG studies have addressed the correlations between noxious stimuli
and different EEG frequency bands. For example, decreases in the alpha band have been
observed as the common indicator [22,23].

Research has demonstrated the potential of using sensors in classifying pain intensity
levels [24-26]. For example, Guo et al. estimated three levels of cold pain using facial
expression by comparing three neural network models, and the personalized spatial—
temporal framework using a convolutional long short-term memory model achieved the
highest performance [27]. Another study measured the pain level via features generated
from the pupillometry data using a genetic algorithm with an artificial neural network
classifier, and the best performance was obtained with an accuracy of 81% [28]. EEG studies
have demonstrated statistical differences in central and occipital regions, and was able to
classify pain and no-pain states using multi-layer CNN frameworks [29,30]. Multimodal
physiological classification with decision-level fusion and feature-level fusion proved
promising in pain level detection and classification [21,31,32].

Combining multimodal physiological sensors with QST represents a frontier in pain
research, enhancing the objectivity and sensitivity of pain assessments. BVP signals have
been used to classify the pressure session, achieving 96.6% accuracy in a binary (threshold
vs. tolerance) task [33]. GSR has assessed conditioned pain modulation between patient and
healthy groups, revealing significant differences in the dominant hand (p = 0.003) [34]. EMG
signals were evaluated under varying cuff pressures [35]. Despite these advances, few studies
have examined comprehensive pain-level classification across all QST sessions. Additionally,
the sensitivity of each sensor to these classifications remains largely unexplored.

Time window selection influences the interpretation of physiological signals in the
task of pain assessment. One study demonstrated two distinct labeling approaches: fixed
time windows and percentage-based timestamps. The fixed time window method seg-
ments data in a consistent and fixed manner to provide a straightforward approach for
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analyzing responses [36,37]. In contrast, percentage-based timestamping aligns labels
to the individual’s pain threshold and tolerance tailored to personal variations in pain
perception [25]. Importantly, the chosen segmentation method directly impacts the number
of samples generated for analysis and influences the dataset size available for machine
learning models.

While multimodal physiological signals can aid in QST pain assessment tasks, two
critical gaps remain in the current literature. First, existing studies have primarily focused
on isolated noxious stimuli (e.g., cold pain, pressure, or cuff pressure) but rarely compared
them across different noxious stimuli in a holistic way. Secondly, existing studies either
combine all sensor data into the analysis model or exclusively analyze one of the modalities.
The relative contributions of individual sensors remain unclear. Furthermore, the time
window of signal segmentation under different tasks needs to be cautiously selected. Our
study aims to advance the understanding of physiological sensor contributions to pain
assessment and the development of individualized pain biomarkers, by addressing two
research questions:

e  The first question is to quantify the sensitivity of different time windows and machine
learning classification model selection for pain level classification.

e The second question is to evaluate how excluding individual physiological sensors
affects the model performance.

2. Materials and Methods
2.1. Participants

The study was conducted from January to May 2022 and approved by the Brigham
and Women’s Hospital Institutional Review Board (IRB), Boston, MA, USA (protocol code
2019P002781, 18 November 2019). Healthy participants and chronic low back pain patients
who have had cLBP for at least three months with an average intensity of more than three
out of ten on pain scales were recruited. All participants were neurologically intact and had
no history of myocardial infarction, substantial motor or sensory deficits, or no evidence of
cognitive impairment.

2.2. Apparatus

The study used sensors to monitor physiological responses during QST sessions.
Pupillometry data were tracked using Tobii Pro Glasses 2 (Tobii, Danderyd, Sweden). Other
sensors (FlexComp Infiniti, Thought Technology, Montreal, QC, Canada) that measured
the participant’s physiological responses included a BVP (SA9308M, Thought Technology)
sensor for heart rate tracking through the middle finger of the non-dominant hand, a chest-
mounted respiration sensor (SA9311M, Thought Technology), an EMG sensor (T9306M,
Thought Technology) for muscle activity on the non-dominant forearm, an ST sensor
(SA9310M, Thought Technology) on the back of the non-dominant hand, and a GSR sensor
(SA9309M, Thought Technology) for electrical activity between the index and ring fingers
on the non-dominant hand. A computer system was used to collect and store data (Dell
Latitude E6230, Dell, Round Rock, TX, USA).

2.3. Experimental Procedures

Participants were familiarized with the QST equipment and completed the Brief Pain
Inventory questionnaire [38]. The physiological data collection for each participant took
approximately 80-120 min. As shown in Figure 1, the process involved the following:

(1) Participants were seated comfortably in a reclining chair.
(2) Aresearch assistant helped participants wear all sensors, including pupillometry, BVP,
GSR, EMG, ST, and RR. The setup took around 20 min.
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(3) A one-minute baseline was recorded, during which the participant stayed in a natural
resting condition.

(4) Data collection occurred over 30 min for one round of QST, during which participants
followed instructions from the research assistant, reported pain intensities, and were
asked to minimize unnecessary movement.

(5) Another one-minute baseline was recorded.

(6) Participants then performed physical maneuvers spanning about 3-5 min, with sen-
sors disconnected.

(7) Participants then repeated steps 3 to 5 for a second round of QST collection.

(8) The sensors were removed, and participants were debriefed and compensated.

Pressure
Algometer

Figure 1. Experiment apparatus. In this pressure pain experiment, a digital pressure algometer was
applied on the participant’s trapezius. Physiological signals (RR, BVP, GSR, EMG, ST, and ET) were
collected in the meantime.

Due to COVID-19 safety measures, all research staff and study participants were
required to wear a face covering/mask to cover the nose and mouth, and only four people
were present in the testing room at one time due to the COVID-19 period.

2.4. Quantitative Sensory Testing

QST has four sessions: pressure pain threshold and tolerance, temporal summation
of mechanical pinprick pain, temporal summation of cuff pain, and conditioned pain
modulation. The Temporal Summation of Pain tests the ability of the central nervous
system to amplify the incoming pain over time when applying an increasing pain. It can be
demonstrated in various pain modalities, including mechanical pinprick and cuff pain.

(1) Pressure pain threshold and tolerance were assessed using a digital pressure algometer.
The testing sites were located on the dorsal surface of the forearm and over the
trapezius muscle in the upper back and neck region. The researcher increased the
pressure pain gradually via a flat round transducer on a small skin area (probe area
0.785 cm?) at a steady speed of ~1 Ib./s (0.45 kg/s). The pressure value was first
recorded when the participant reported the onset of pain as a pressure pain threshold
and was terminated when the participant reached their maximum pain tolerance.
Four trials were performed, including the left forearm, the right forearm, the left
trapezius, and the right trapezius.

(2) Mechanical pinprick pain was assessed by applying 10 calibrated force pinprick
stimuli to the skin at a fixed frequency (1 Hz). Participants were asked to rate their
pain intensity after the 1st, 5th, and 10th stimuli. The procedure was first applied on
the left index finger and then repeated on the right index finger.
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(3) Cuff pain was assessed by inflating a blood pressure cuff on the left leg to a threshold
pressure level (5 out of 10 on a scale) and maintained for a fixed duration (2 min).
Participants were asked to rate their pain levels every 30 s.

(4) Conditioned pain modulation was assessed by applying a noxious thermal stimulus
and an increasing pressure pain simultaneously. Participants were first asked to
submerge their dominant hand into the cold-water bath set at 6 degrees Celsius.
Meanwhile, increasing pressure was applied to the non-dominant trapezius muscle,
as described in the pressure pain steps. The participants then reported their onset of
pain and their maximum pain tolerance. The post-pain rating was registered 15 s after
the cessation of pressure pain.

2.5. Data Preprocessing

The overall research diagram is presented in Figure 2. First, physiological (BVP, GSR,
EMG, ST, RR, and pupillometry) data were synchronized by resampling them to 50 Hz. The
left-eye and right-eye pupillometry data were interpolated to fill in any missing gaps [20].
The BVP signal was filtered via a fifth-order Butterworth band-pass with [0.5, 12] Hz as
cut-off frequencies. The GSR was filtered via a fifth-order 1 Hz low-pass Butterworth
filter. The RR was filtered via a fifth-order Butterworth band-pass with [0.1, 1] Hz as
cut-off frequencies. In addition, eight time-series HRV data were generated from BVP
signals, including PPG rate, meanNN, SDNN, RMSSD, SDSD, HF, SD1, and SD2 using the
NeuroKit2 package in Python 3.7.9 [28]. For extracting heart rate variability signals, a 15 s
sliding time window with 50 Hz was selected.
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Figure 2. Diagram of the study. After collecting raw datasets from multimodal physiological
sensors (BVP: blood volume pulse, GSR: galvanic skin response, EMG: electromyography, ST: skin
temperature, RR: respiration rate), the dataset underwent two analysis plans: (1) perform the optimal
time window analysis to select the optimal time window and hyperparameters via grid search. Time
windows included 1, 2, 3, 4, and 5 s; (2) undergo component sensitivity analysis to investigate the
performance across 7 distinct leave-one-out sets.
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2.6. Feature Extraction and Selection

Features were extracted from all physiological sensors. GSR signals were separated
into phasic and tonic signals. Statistical features were then generated from all physio-
logical sensors, such as mean, median, range, variance, standard deviation, skewness,
and kurtosis [39]. Five additional features were generated from EMGs, including mean
absolute value, root mean square, variance, zero crossings, waveform length, and slope
signal changes [39].

Principal Component Analysis was utilized for feature selection by setting a 90%
information variance threshold to determine the cumulative features to be used.

2.7. Analysis Plan

To solve the research questions, a two-phase analysis plan was employed.

Analysis Plan 1 (optimal time window analysis): this phase focused on determining
the optimal time window for signal segmentation and evaluating the performance of
various machine learning models across all QST sessions. The time window candidates
included 1s,2s,3s,4s,and 5s. A grid search methodology was employed to explore the
relationship between time window lengths and classification performance, using a 10-fold
cross-validation framework. The output from Plan 1 was to identify the combination of
time window and model hyperparameters that achieved the highest accuracy, F1 score,
and sensitivity for each QST session.

Analysis Plan 2 (component sensitivity analysis): this phase investigated the individ-
ual contribution of each sensor modality to classification performance. Using a leave-one-
out (LOO) iteration strategy, one sensor’s features were excluded at a time, and the model
was retrained and tested using the remaining sensors. The performance of each LOO model
was compared to the full model using statistical analysis (i.e., Wilcoxon signed-rank test).

The Wilcoxon signed-rank test is a nonparametric statistical test to compare two
samples. This is a useful alternative to the paired ¢-test when the data do not follow a
normal distribution. The differences between paired observations were computed and
their absolute values were ranked. The test statistic was derived by summing the ranks
of the positive and negative differences. Sensors with significant differences in Wilcoxon
signed-rank test statistics (i.e., p value is below 0.05) were identified as critical sensor
candidates. Sensors with minimal impact were identified as non-critical sensor candidates.
The optimal time window and the optimal machine learning model were predetermined
from Analysis Plan 1’s results.

The classification task was to predict pain intensity states from physiological features
and compare them with subjective ratings as the ground truth. In the pressure pain test, a
three-class classification task was used to differentiate among three pain states: baseline
(no pain), threshold (threshold of pressure), and tolerance (tolerance of pressure). This
classification was applied to data combining pressure and conditioned pain modulation
sessions, as both sessions employed identical labels for pressure threshold and tolerance.
The classification task in both the pinprick session and cuff session was classifying pain
intensity states based on numerical rating scales (0-10). Participants” self-reports were
categorized into three levels: 1-3 (Mild Pain), 4-6 (Moderate Pain), and 7-10 (Severe Pain).
This classification was conducted separately for stimuli applied to the left and right hands.
Finally, the third task aimed to classify the pain intensity levels during a 2-minute temporal
summation of cuff sensations. Similar to the pinprick classification task, the pain levels
were categorized as Mild, Moderate, and Severe.

A grid search approach involving five classification models and their respective
hyperparameters (detailed in Table 1) was used. These models included logistic regression
(LOG), decision tree (DT), k Nearest Neighbors (KNN), Stochastic Gradient Descent (SGD),
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and AdaBoost (ADA). The Synthetic Minority Oversampling Technique (SMOTE) was
applied to the training dataset to balance the minority classes [40]. Principal Component
Analysis (PCA) was selected to reduce dimensionality with an 80% threshold.

Table 1. Grid search hyperparameters of classifiers.

Logistic Regression

C
Penalty

1073,1072,1071, 1, 10, 102, 103
L1, 12

Decision Tree

Criterion
Max Depth

gini, entropy
4,5,6,7,8,9,10,11, 12, 15, 20, 30, 40, 50, 70, 90, 120

K Nearest Neighbors

Algorithm
Leaf size
N neighbors

Ball tree, kd tree, brute
Range from 1 to 50 step 3
10, 13, 16, 19, 22, 25, 28

Stochastic Gradient Descent

Alpha
L1 ratio
Penalty
Loss function

1072,1073,10~*
0.05, 0.06, 0.07, 0.08, 0.09, 0.1, 0.12, 0.13, 0.14, 0.15, 0.2
L1, L2
hinge, log, modified Huber, squared hinge

AdaBoost

Base estimator
Max depth
Min sample
N estimators
Learning rate

Decision tree
2,5,8,11
5,10
10, 50, 100, 250
0.01, 0.1

3. Experimental Results

Detailed demographic information is presented in Table 2. A total of 25 participants
were initially screened, and 1 participant was excluded due to schedule conflicts. Twenty-
four participants were successfully recruited. It included 17 healthy adult participants
(11 females, mean age 28.8 years old) and 7 cLBP patients (5 females, mean age 44.4 years
old). With an average of 14 years of pain duration, cLBP patients reported higher pain
intensity and interference (Brief Pain Inventory; intensity, 5.0 £ 1.4; interference, 3.7 & 2.5)
than healthy participants (intensity, 0.3 £ 0.4; interference, 0.1 &= 0.2).

Table 2. Demographic information.

Mean £ SD or % cLBP Patient Healthy Group
Number of participants 7 17
Age,y 444 +145 28.8 £13.1
Female sex 5 11
Pain duration, y 14.0 £15.5 0
Pain intensity 50+14 03+04
Pain interference 3.7+£25 0.1+£02

Table 3 includes the sample size and time lengths of various session durations: baseline,
the time from session start to pressure threshold, the time from pressure threshold to
tolerance, pinprick, and cuff. The time variance among pressure threshold and pressure
tolerance sessions is high, with standard deviations (STD) of 3.74 and 5.34, respectively,
compared to their mean values of 6.86 and 13.99, respectively. The time lengths of pinprick
and cuff sessions were more stable regarding the variance, with STDs of 1.44 and 3.39,
respectively, compared to their mean values of 6.99 and 29.95, respectively.
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Table 3. Time length statistics of QST sessions.

QST Session Sample Size Mean + STD (s)
Baseline 32 59.80 + 6.93
Pressure-Threshold 160 6.86 = 3.74
Pressure-Tolerance 160 13.99 +5.34
Pinprick 128 6.99 + 1.44
Cuff 128 29.95 £ 3.39

3.1. Analysis Plan 1—Optimal Time Window Analysis

Figure 3 shows three accuracy curve plots of three sessions based on different algo-
rithms and five segmented time windows. For each session, the time window selected was
about three factors: accuracy of classification, time variance, and size of the datapoints.

(a) Pressure Session (b) Pinprick Session (c) Cuff Session
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Figure 3. Accuracy curve of all algorithms and the mean accuracy of five algorithms under five
segmented time windows (1, 2, 3, 4, 5 s) among pressure session (a), pinprick session (b), and cuff
session (c). The red line in each figure shows the mean and standard deviation (STD) of all algorithms
under different segmented time windows.

For the pressure session, the highest average performance was achieved when the
time window was set as 3 s (accuracy = 61.4%, f-1 = 54.3%), followed by 4 s (accuracy
= 61.4%, f-1 = 53.5%). However, the highest performance was achieved in the logistic
regression classifier of the 5 s time window (accuracy = 75.2%, f-1 = 67.2%). The size of the
datapoint generated from a 5 s time window is 558, smaller than that generated from a 3
s time window, which is 1112 datapoints. Considering all factors, 3 s was selected as the
optimal time window for the pressure session.

For the pinprick session, the highest performance was achieved in the SGD classifier
using a 2 s time window (accuracy = 79.9%, f-1 = 64.8%). The highest average accuracy was
achieved with the 2 s time window (69.9%), followed by 1 s (66.5%), and 3 s (65.2%). The
optimal time window for the pinprick session was 2 s.

For the cuff session, the highest performance was achieved when the time window
was set as 2 s in the LOG classifier (accuracy = 76.4%), followed by the LOG classifier
(accuracy = 74.1%) and SGD classifier (accuracy = 72.6%) under a 1 s time window. The
highest average performance was achieved in the 1 s time window (accuracy = 59.3%,
-1 = 41.2%), followed by the 2 s (accuracy = 57.3%, f-1 = 41.2%). Considering the dataset
size, 4478 datapoints were segmented using the 1 s time window before SMOTE, and 2047
datapoints were generated with the 2 s time window. Therefore, a 1 s time window was
chosen for the cuff session.
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3.2. Analysis Plan 2—Component Sensitivity Analysis

This plan investigated the optimal sensor set for all QST sessions. First, a baseline
model that included features from all sensors was established. This model employed PCA
and performed the classification model based on the best model from the previous section.
The LOG model was identified as the optimal for machine learning for all three sessions
because this model achieved the highest classification accuracy performance. Second, six
additional sensor set plans were compared by iteratively removing one sensor at a time
from the following set: pupillometry, BVP, EMG, GSR, RR, and ST.

For the pinprick session, the baseline model demonstrated an accuracy of 79.8% (f-1 =
62.9%). Six additional sets were evaluated, as shown in Table 4. The differences in accuracy
compared to the baseline model are depicted in Figure 4a. The removal of BVP was found
to significantly enhance overall performance, with increases of 6.2% in accuracy and 10.9%
in f-1 (p < 0.05, Wilcoxon signed-rank test). Compared to the baseline, EMG and ST sensors
had a negligible impact on the accuracy, with absolute accuracy differences of less than 1%.
Removing GSR and RR sensors resulted in non-significant (p > 0.05, Wilcoxon signed-rank test)
accuracy improvements of 2.3% and 2.2%, respectively. Excluding pupillometry decreased
non-significant accuracy by 1.4%.

Table 4. Performance of pinprick, cuff, and pressure sessions.

Pinprick Cuff Pressure

Sensor Set Accuracy % F-1 Score % Accuracy % F-1 Score % Accuracy % F-1 Score %
All sensors 79.8 62.9 76.5 60.8 72.3 66.4
Allw/o BVP 86 1 73.81 704 | 475 72.3 66.4
Allw/o EMG 80.7 65.4 74.6 58.6 72.3 66.4

All w/o GSR 82.1 67.7 79.0 1 60.7 T 72.3 66.4
Allw/o RR 80.6 63.8 742 | 539 724 66.7
Allw/o ST 80.7 67.4 71.0 51.1 72.3 66.4
pu‘;llllg"ré ;’try 78.4 59.9 81.8 1 62.3 1 72.3 66.4

1l indicates a statistically significant increase or decrease in performance (Wilcoxon signed-rank, p < 0.05).

For the cuff session, the baseline model achieved accuracies of 76.5% (f-1 = 60.8%).
The performance from the LOO analysis is shown in Table 4 and illustrated in Figure 4b.
For the LOG classifier, both the BVP and RR were observed to significantly decrease in
accuracy by 6.1% (p < 0.05) and 2.3% (p < 0.05), respectively. Removing EMG and ST led to
1.9% and 5.5% decreases in accuracy, respectively, while these changes were not statistically
significant. Excluding GSR and pupillometry showed an increase in performance, with
accuracy improvements of 2.5% (p < 0.05) and 5.3% (p < 0.05), respectively.

In contrast, the pressure session showed minimal variation in performance across
different sensor sets in Table 4. The performance of the LOG model was stable and not
affected by the removal of individual sensors. The removal of BVP, EMG, GSR, ST, and
pupillometry decreased the performance, with less than 2% for the accuracy and f-1 score.

In summary, it was found that removing BVP significantly improved accuracy for
the pinprick session, whereas removing EMG, GSR, RR, ST, and pupillometry did not
significantly impact the classification performance. Regarding the cuff session, the elim-
ination of BVP, GSR, RR, and pupillometry significantly impacted accuracy, while EMG
and ST showed non-significant performance, indicating they were non-critical sensor
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candidates. None of the singular sensors significantly impacted the performance of the
pressure sessions.
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Figure 4. Performance metrics of the pinprick session and cuff session are presented in grouped
boxplots (a,b). Each bar shows the mean and standard deviation.

4. Discussion

This study represents a novel approach to objectively assess and classify pain intensity
levels utilizing physiological sensors across pressure, pinprick, and cuff sessions. Our
methodology involved classifying traditional subjective ratings, such as baseline, threshold,
and tolerance in the pressure session, and categorizing pain intensity levels into mild,
moderate, and severe pain in the pinprick and cuff sessions based on physiological features
and multiple classification models to achieve optimal performance. Two critical analyses
were explored: (1) determining the optimal segmented time window (ranging from 1 to
5s); (2) identifying the individual contributions of each singular sensor by implementing
an LOO iteration strategy and classifying critical and non-critical sensor candidates.

Existing literature on pain intensity level classification using physiological signals
typically employed fixed time windows, such as 1 s [41], 4 s [42], and 10 s [23]. Our
study contributes to this field by investigating five different time windows under three QST
sessions. The results highlighted uniformity among baseline, pinprick, and cuff sessions but
a significant variance across the pressure sessions. Such variability presented a challenge
in determining the segmented time window. Our study carefully weighed the trade-offs
among the factors like accuracy, F1 score, number of datapoints, and distributions of time
lengths. For instance, a 2 s time window was chosen for the pinprick session due to its
superior performance in classification models. In contrast, the cuff session’s time window
was selected based on average performance and dataset size. However, the pressure
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session did not show significant performance differences between the 3, 4, and 5 s time
windows. This highlights the need for discussing confounding factors such as psychosocial
factors [13,43].

In analyzing optimal sensor sets for QST sessions, our baseline all-sensor models were
compared against six other sets, each excluding one sensor iteratively. Our results reveal
that removing BVP improved accuracy in pinprick sessions but decreased accuracy in
cuff sessions. Removing EMG and ST sensors had negligible impact on pinprick session
outcomes. In the cuff session, removing BVP and RR had negative impacts, whereas
eliminating GSR and pupillometry significantly improved performance. Other literature
analyzed the relationship between cuff sessions with singular physiological signals, such
as EMG [35] and BVP [44], but very few published studies have examined the cuff pain
intensity level classification via physiological signals. The pressure session presented
uniformly consistent results, with an average accuracy variation of less than 2% among
seven sensor sets using the LOG models. The reasons for this uniformity are not fully
understood and warrant further investigation. Potential reasons include confounding
factors such as the selection of time windows, the number of data points, and the participant
population. The performance is consistent with one other study, which found that the
highest performance of a three-class pain level classification in pressure pain session was
achieved with 69% accuracy, 83.3% sensitivity, and 75% specificity [33].

Our study contributed to the field by indicating sensors (i.e., EMG and ST) that
contributed minimally to classification performance and, as a result, implying a solution
for cases when reducing sensor redundancy if necessary. Our study also highlighted the
sensor that significantly impacted performance in both pinprick and cuff sessions (i.e.,
BVP), and sensors that are critical but stimuli-sensitive (i.e., GSR and RR). These stimuli-
sensitive sensors should be further analyzed in sensor configuration tests. Pressure sessions
demonstrated uniform performance, indicating that the pressure pain classification may
rely on generalized physiological responses rather than specific sensor inputs.

The limitations of our study are multifaceted. First, the study’s approach of consol-
idating a limited and unbalanced sample of healthy participants (N = 17) and chronic
patients (N =7) into a single group was necessary for generalizability. At the same time,
it limits the sensitivity of our findings between these distinct groups. Second, the limited
specificity performance of non-critical sensors (i.e., EMG and ST in cuff sessions; EMG, GSR,
RR, ST in pinprick sessions) does not directly mean that they can be excluded in all cases.
Psychological, environmental, and physical activity factors might lead to limited-specificity
performance. Alternative solutions can be achieved in multiple ways. One solution can be
to integrate multimodal deep learning models like long short-term memory models and
transfer learning [45,46]. Exploring different sensor fusion methods such as feature-fusion,
decision-level fusion can also be an alternative way [47]. A new field, network physiology,
can be integrated into the pain assessment problem [48]. Instead of evaluating sensors
in a deterministic role, this area can treat sensors as probabilistic models to analyze the
connectivity between each modality [49,50]. This holistic approach acknowledges the
dynamic connections between different physiological modalities, potentially resolving
inconsistencies where a sensor may be effective in one context but not in another [49,51].

Exploring individual variations in response to different stimuli is a promising area to
understand pain sensitivity. The current practice of pain sensitivity is assessed by patient’s
self-report, which cannot exclude the presence of inter- and intra-subject variability in
characteristics such as psychological factors [13]. Stimulus-specific physiological responses
represent a novel and critical area of exploration, linking specific physiological modalities
to distinct noxious stimuli. This consideration is particularly important; when considering
enhancing the portability and practicality of sensor configurations for chronic pain patients,
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sensor selection should be tailored to the specific type of pain being assessed. Future
research can replicate this study following the described QST procedures, analysis plans,
and pseudocode algorithms in the Supplementary Materials. This framework can be easily
extended to explore the relationship between physiological responses to other dimensions
of pain assessment, such as types of stimuli and pain locations, beyond pain intensity. The
ability to identify the types and locations of pain will benefit patients who have difficulties
in self-reporting [52].

In terms of broader impacts, this sensor sensitivity study paves the way for enhancing
the portability and feasibility of pain assessment, especially in at-home settings. This study
suggests that sensors having minimal impact on performance can be excluded from wear-
able pain assessment devices. This result can be used to simplify pain assessment device
design by only including sensors such as GSR, BVP, and RR. That is to say, there are plenty
of digital health technologies for remote data acquisition [53]. For example, the Empatica
watch monitors BVP, GSR, and ST (Empatica, Empatica Inc., Cambridge, MA, USA); the
Google Fitbit series collects different sets of sensors among PPG, oxygen saturation, GSR,
and ST (Google, Santa Clara, CA, USA). By selecting sensor modalities sensitive to specific
noxious stimuli, researchers can balance feasibility with model performance and enhance
the practicality of remote pain assessment [26].

5. Conclusions

This study presented a novel framework for pain assessment using physiological
sensors during QST sessions, integrating two complementary analysis plans. Analysis
Plan 1 identified optimal time windows for signal segmentation, with 1-5 s windows
yielding varied results across pinprick, cuff, and pressure sessions. The findings highlight
the importance of tailoring time segmentation to specific stimuli to maximize classifica-
tion performance. Analysis Plan 2 evaluated sensor contributions using leave-one-out
iterations. BVP, GSR, RR, and pupillometry were identified as stimulus-specific critical
sensor candidates, although only BVP showed significant performance across stimuli. In
contrast, EMG and ST were found to be non-critical, showing minimal impact on perfor-
mance across all sessions. Future research should explore stimulus-specific physiological
responses further to optimize sensor configurations for different pain types. Incorporating
advanced multi-sensor fusion techniques and individualization methodology can support
the development of personalized, efficient, and practical wearable systems for chronic pain
assessment and management.
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