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Abstract: Breathing pattern assessment holds critical importance in clinical practice for detecting
respiratory dysfunctions and their impact on health and wellbeing. This systematic literature review
investigates the efficacy of inertial sensors in assessing adult human breathing patterns, exploring
various methodologies, challenges, and limitations. Utilizing the PSALSAR framework, incorporat-
ing the PICOC method and PRISMA statement for comprehensive research, 22 publications were
scrutinized from the Scopus, Web of Science, and PubMed databases. A diverse range of sensor fusion
methods, data signal analysis techniques, and classifier performances were investigated. Notably,
Madgwick’s algorithm and the Principal Component Analysis showed superior performance in track-
ing respiratory movements. Classifiers like Long Short-Term Memory Recurrent Neural Networks
exhibited high accuracy in detecting breathing events. Motion artifacts, limited sample sizes, and
physiological variability posed challenges, highlighting the need for further research. Optimal sensor
configurations were explored, suggesting improvements with multiple sensors, especially in different
body postures. In conclusion, this systematic literature review elucidates methods, challenges, and
potential future developments in using inertial sensors for assessing adult human breathing patterns.
Overcoming the challenges related to sensor placement, motion artifacts, and algorithm development
is essential for progress. Future research should focus on extending sensor applications to clinical
settings and diverse populations, enhancing respiratory health management.

Keywords: breathing mobility dysfunction; breathing pattern assessment; inertial sensors;
non-intrusive measurement; machine learning classifiers; algorithm; systematic literature review

1. Introduction

Breathing, an innate and vital biological process, plays a fundamental role in shaping
human interactions and activities of daily living. Recognizing and analyzing variations in its
pattern has profound clinical significance, offering information about potential respiratory
dysfunctions [1–4] and its impact on postural stability [5,6]. Such disorders can lead
to musculoskeletal problems, chronic pain, and fatigue, ultimately affecting individuals’
interactions with their surroundings, leading to disability [7–11].

In a physiotherapy clinical evaluation setting, the breathing pattern (BP) is typically
assessed through a direct observation of chest and abdominal wall motion to gather infor-
mation about rhythm (respiratory frequency/amplitude ratio), location, and symmetry
of motion (right vs. left, chest vs. abdominal), as well as the inspiratory/expiratory (I:E)
ratio [5]. However, this evaluation method requires considerable observer expertise and
may induce the “Hawthorne Effect” in patients, altering their BP due to the awareness of
being observed [12–14].
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To complement direct observation, several alternative approaches can be found in
the literature. Spirometry, for instance, provides valuable insights into lung volumes,
lung capacities, and breathing rhythm but has limitations in assessing chest wall motion
and regional contributions [15,16]. Optoelectronic plethysmography, considered the gold
standard for biomechanical analysis, offers an accurate measurement of chest wall move-
ments and estimation of lung volumes, but its complexity, time-consuming setups, and the
requirement for a large number of infrared camera devices makes it unsuitable for routine
clinical use due to its cost and technical demands [17,18].

CT scans and X-rays offer high precision but are costly and not suitable for real-time
assessment [19–21]. Depth camera devices allow for the observation of chest displacement,
but like optoelectronic devices, relevant data collection depends on the subjects being
within the camera’s view angle, and data acquisition quality is influenced by ambient
lighting conditions [22–25].

Radar devices are also reported as good non-intrusive alternatives for assessing BP,
but the technologies available for medical devices have limitations. They require high
power energy to transmit a short pulse period signal [26] and face issues with measuring
tiny positional changes and signal interference from other moving objects around the
subjects [27]. Additionally, their signal acquisition depends on the distance between the
subjects and the radar, limiting their use to specific locations. They also cannot differentiate
between right vs. left chest wall motion asymmetries [26,28–31].

Similarly, Wi-Fi-based devices offer convenient assessment of breathing rhythm but
lack the ability to differentiate between right vs. left chest motion, upper vs. lower
chest, and chest vs. abdominal motion [32–34]. Inductive respiratory plethysmography
provides a non-intrusive option for assessing BP but also lacks the ability to differentiate
chest wall right vs. left motion asymmetries [35]. Measuring tape, despite its reported
high reliability in chest mobility measurements, shows wide variability in measurements
between observers (2.03–4.29 cm) [36,37]. Palpation evaluates the mobility of the chest and
abdomen by using bare hands to feel and quantify the amount of movement in the area
under assessment, which can significantly induce changes in the patient’s actual BP [38,39].

Despite the advantages of all the alternatives mentioned above, their limitations
make them less suitable for a clinical physiotherapy setting as they lack the ability to
simultaneously evaluate all mentioned variables with optimal cost-effectiveness and time
efficiency. Moreover, they are not suitable for the real-time monitoring of BP in patients’
daily living activities and social interaction contexts without signal acquisition constraints.

On the other hand, inertial measurement units (IMUs), similar to Optoelectronic
Plethysmography, are also a reference for biomechanical analysis, having a very good
accuracy [40] but without the constraints imposed by the infrared or depth cameras. Their
compact size enables independent measurement of both sides of the chest wall, providing
valuable information about motion asymmetries. Additionally, due to their small size,
these devices can measure human movement in real time and in a way that is nearly
imperceptible to the users. They are easily deployable, capable of collecting vast amounts
of data, and can be seamlessly integrated into real-world scenarios.

The purpose of this systematic literature review (SLR) is to investigate how inertial
sensors can be employed more effectively in assessing the adult human BP, considering
the variety of available quantification, classification, and mapping methods, as well as
the associated challenges and limitations, with the aim of improving the detection and
diagnosis of respiratory disorders.

2. Methodology

According to Mengist et al. [41], conducting an SLR allows us to gather relevant evi-
dence related to a particular subject of interest and effectively address research questions.
The fundamental purpose of an SLR is to compile existing research, studies, and publica-
tions that meet pre-defined inclusion criteria and provide insights into a specific research
question. Grant and Booth [42] have suggested the SALSA framework for conducting
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SLRs, which emphasizes the reproducibility, systematization, methodological accuracy,
and comprehensiveness of the study. Building upon the work of Mengist et al. [41], the
SALSA framework is expanded by incorporating the preferred reporting items for system-
atic review and meta-analyses (PRISMA) statement into the PSALSAR (protocol, search,
appraisal, synthesis, analysis, and report) research process, further enhancing its scope.
A summary of the PSALSAR framework utilized in the study can be found in Table 1.
A detailed explanation of each step and their corresponding outcomes are explained in the
following subsections.

Table 1. Protocol and Reporting result with Search, Appraisal, Synthesis, and Analysis (PSALSAR)
framework used in the study.

Steps Outcomes Methods

PSALSAR
Framework

Protocol Define study scope PICOC (Population, Intervention, Comparison, Outcome,
and Context) framework.

Search Define the search strategy Searching strings
Search studies Search databases

Appraisal Selecting studies Defining inclusion and exclusion criteria
Quality assessment of studies Quality criteria

Synthesis Extract data Extraction template

Categorize the data Categorize the data on the iterative definition and ready it
for further analysis work

Analysis Data analysis Qualitative categories, description, and narrative analysis of
the organized data

Result and discussion Identify emerging trends, pinpoint existing gaps, and
provide comparative evaluation of the results.

Report Conclusion Deriving conclusion and recommendation
Report writing Summarizing the results using PRISMA methodology

2.1. Protocol Establishment and Study Scope

According to Booth et al. [43], the incorporation of the PICOC method at each stage of
the PSALSAR framework ensures transparency and transferability of the study by provid-
ing a prescribed structure to decompose research questions and improve the definition of
the research scope. The PICOC framework together with the definition of each concept is
listed in Table 2.

Given that the primary research question revolves around the effectiveness of inertial
sensors in assessing the BP of adult humans, while taking into account the strengths and
limitations of various methods employed for quantifying, evaluating, and mapping changes
in BP, the following sub-questions were formulated:

(1) What methods are being employed to enhance IMU-based adult human BP
assessment?

(2) Which classifiers are being employed and best perform detecting adult human BP?
(3) How reliable are IMUs in identifying signals associated with adult human BP?
(4) Is there an ideal number of sensors and configurations to accurately assess adult

human BP?
(5) What are the main challenges and limitations when using inertial sensors in assessing

adult human BP?
(6) What insights have been gained, and what future directions are envisioned for apply-

ing inertial sensors in the assessment of adult human BP?
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Table 2. PICOC Framework (Population, Intervention, Comparison, Outcome, and Context).

Concept Definition According to Booth et al. [43] SLR Application

Population
The research focuses on the assessment of
adult human breathing patterns using
inertial sensors.

Scientific research work on adult human breathing patterns
assessment. Focused on the use of inertial sensors, their
strengths, and weaknesses.

Intervention Existing techniques and methods to address
the problem.

The use of inertial sensors methods and techniques utilized
to address adult human BP assessment to identify gaps in
current methods, protocols, and device setups.

Comparison Techniques to contrast the intervention used to
measure the BP.

The difference between different methods applied to
quantify/value/map adult human BP.

Outcomes

Measure to assess the knowledge and gaps
mentioned in the selected publications
regarding the assessment of adult human BP
using inertial sensors.

Existing knowledge on the assessment of adult human BP
using inertial sensors, such as methods and techniques
approach used, data types, and purpose. Mentioned gaps:
limitations related to applied methods and techniques and
data quality.

Context The particular settings or areas of
the population.

Research trends in adult human breathing patterns, existing
knowledge in studies of adult human breathing patterns,
and the challenges and gaps in adult human breathing
patterns measurement.

2.2. Search Strategy

Three databases—Scopus, Web of Science (WoS), and PubMed—were selected for the
conventional subject search based on the nature of the study topic area. Scopus is an abstract
and indexing database developed by Elsevier Co. It claims to be the largest single abstract
and indexing database ever built, indexing over 14,000 STM and social science titles from
4000 publishers. With 4600 health science titles, including complete coverage of MEDLINE,
EMBASE, and Compendex, its vast repository comprises 27 million abstracts dating back
to 1966, and it encompasses not only American journals but also papers from Europe and
the Asia Pacific region, published in various languages, including English [44]. WoS is the
world’s oldest, most widely used, and authoritative database of research publications and
citations, and it was established in 1964 by Eugene Garfield; its Core Collection database,
based on the Science Citation Index, is a selective citation index that includes scientific and
scholarly publications such as journals, proceedings, books, and data compilations [45].
PubMed is a free online research database for the health sciences maintained by the National
Center for Biotechnology Information (NCBI) at the U.S. National Library of Medicine
(NLM), which is part of the National Institutes of Health (NIH). Widely used by healthcare
researchers, practitioners, and students around the globe, it contains over 35 million
citations and abstracts of biomedical literature and offers links to full-text articles [46,47].

The full search string definition for this study was derived from the terminology
identified for the target population within the framework of the SLR using the PICOC
framework (Table 2) and primarily focuses on the assessment of adult human BP using
inertial wearable sensors.

The search strategy was conducted until 4 May 2023 and involved leveraging the
advanced search features of each database, employing two distinct search strings that
targeted specific keywords in the titles and abstracts of the references. The main search
string included the terms “breathing pattern”, “respiration pattern”, or “respiratory pat-
tern” combined with “assessment”, “evaluation”, or “analysis” and was further combined
with “wearable”, “inertial sensor”, or “accelerometer”. On the other hand, the secondary
search string encompassed “rib cage motion”, “chest wall motion”, “chest motion”, “rib
cage mobility”, “chest wall mobility”, or “chest mobility” coupled with “assessment”,
“evaluation”, or “analysis” and was further combined with “wearable”, “inertial sensor”,
or “accelerometer”.
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To refine the results, exclusion keywords were implemented. These keywords aimed
to filter out references related to “children”, “infant”, “child”, “baby”, “newborn”, “new-
borns”, “animal”, “rat”, “rats”, “rabbit”, “rabbits”, “monkey”, “monkeys”, “dog”, “dogs”,
“cat”, “cats”, “fracture”, “trauma”, “injury”, “injuries”, “lesion”, or “lesions”. Additionally,
a language filter was applied, limiting the search results to English, French, Portuguese,
or Spanish.

Combining all of these parameters yielded a total of 30 publications in Scopus, 51 in
WoS, and 40 in PubMed.

Additional details of the search strategy are provided in Table S1 (Supplementary
Material), allowing the search to be reproduced and updated.

2.3. Studies Selection and Quality Assessment

Upon completion of the database search, the search results were exported and com-
piled in Zotero version 6.0.26. This enabled efficient management of duplicate references
and facilitated subsequent readings to apply the inclusion and exclusion criteria, as pre-
sented in Table 3, for further investigation and content assessment.

Table 3. SRL study selection of literature inclusion and exclusion criteria.

Criteria Decision

Predefined keywords must be found in the full text or at least in the title or abstract section of the papers. Inclusion
Papers must be published in a scientific peer-reviewed journal. Inclusion
Papers should be written in English, French, Portuguese, or Spanish. Inclusion
Papers presenting evidence on the use of inertial sensors for BP assessment. Inclusion
Papers must address at least one of the BP outcome features. Inclusion
Predefined exclusion keywords are found in the full text or at least in the title or abstract section of the papers. Exclusion
Papers that are duplicated within the search results. Exclusion
Papers that are not accessible, review papers, and meta-data. Exclusion
Papers that are not primary/original research. Exclusion

The process of selecting relevant literature involved a general screening process and
information flow, as depicted in Figure 1.
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After merging the results from each database and removing duplicates, a total of
78 publications were identified. These publications were then subjected to a primary
selection process based on the evaluation of their titles and abstracts while applying
the inclusion and exclusion criteria. Through this initial screening, 29 publications were
deemed eligible for further consideration.

These 29 publications underwent a secondary selection process led by two of the
authors (R.M. and N.C.). This process involved a thorough review of the full texts using a
snowballing technique while also applying the predefined inclusion and exclusion criteria.
The reviewer authors worked simultaneously and in parallel to ensure a consensus-based
final decision. Following this thorough evaluation, 22 publications were chosen for inclu-
sion in the final systematic literature review (SLR) to undergo an in-depth analysis. The
selection and assessment of publications were based on their alignment with the objectives
of the SLR.

2.4. Data Extraction and Categorization

In this step, the two authors involved in the eligibility step applied the 6 research
sub-questions to curate and extract relevant data from the in-depth review of the included
publications. Subsequently, the extracted information was sorted and grouped according
to the criteria outlined in the Supplementary Materials (refer to Tables S2 and S3). The
following subsections elaborate on this process of organization and characterization.

2.4.1. Population and Age

Eleven studies presented the ages of the participants in time intervals, varying between
18 and 67 years of age [48–58]. Four studies covered the age by reporting only the global
mean, varying between x = 23 and x = 29.16 [59–62]. One study reported the mean age
by severity of condition (x = 30.0 to x = 50.3 [63]), and another study discriminated the
mean age by sex (x♀= 37 and x♂= 33 [64]). In 5 studies, the age of participants was
not reported [65–69]. The population in studies was most often males. Three studies
included only male participants [53,58,62]. Fourteen studies had both males and female
participants [48–52,54–57,60,61,63,64,66], one study included a non-binary participant [60],
and in five studies, the gender was not reported [59,65,67–69].

The population was mostly healthy without complaints of any relevant respiratory
or cardiac disorder, as reported by fourteen studies [48–50,52,54–59,61,64–66]. Among
the remaining eight studies, one focused solely on participants without neurological
changes [53], another on those without medication usage [62], and one on participants with
suspected sleep apnea disorders [63], and in five studies, the specific condition was not
reported [51,60,67–69].

2.4.2. Devices and Sensor Setup

A total of 26 different types of devices were used to analyze BP. The most common
manufacturer was STMicroelectronics International N.V., Amsterdam, The Netherlands,
with devices used in five studies [50–52,59,66], followed by NXP Semiconductors N.V., Eind-
hoven, The Netherlands, with devices used in four studies [54,61,62,65]; Analog Devices,
Inc., Norwood, MA, USA, with devices used in four studies [49,58,62,65]; InvenSense, Inc.,
San Jose, CA, USA, with devices used in three studies [62,63,68]; and SparkFun Electronics,
Niwot, CO, USA, with devices used in two studies [60,67]. Other manufactures were refer-
enced with devices used only in one study each: a Delsys Trigno™ [48], LG Nexus 5 [69],
MC10, Inc./Medidata BioStamp nPoint® [55], Biocubica Srl Soundi [56], ZurichMOVE
9-axis IMU [57], Honeywell HMC1052 dual-axis magnetometer [65], Xsens/Movella MT9-B
IMU [53], and BioPac Systems strain gauge transducer [49]. In 1 study, only the sensor
type was reported, omitting the manufacturer or device [64], and in 12 studies, the authors
had combined more than one sensor to collect and analyze BP data [49,53,55,56,59,60,62–
65,67,69]. The sampling rates varied from 10 Hz to 2000 Hz with the most common
frequencies, 50 Hz and 100 Hz, being used in 9 studies [50–52,56,57,61,63,67,69].
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The location and number of devices also showed variations (Figure 2).
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Figure 2. Body locations of sensor attachment and number of articles referring to each location. The
number in each circle is the total number of articles that mention placing a sensor in that location.
Referring to the body chart in the figure: Anterior view, from top to bottom, right to left of the body
chart: right 2nd–3rd rib, manubrium, left 2nd–3rd rib, right 4th–5th rib, body of sternum, left 4th–5th
rib, right 7th rib, xyphoid, left 7th rib, right 10th rib, bellow xyphoid, left 10th rib, bellow right ribs,
abdominal region, bellow left ribs, and anterior superior iliac spine; Posterior view, from top to
bottom, left to right of the body chart: left 2nd–3rd rib, thoracic intervertebrae (T4–T5), right 2nd–3rd
rib, left 10th rib, right 10th rib, and sacrum. The only circle outside the body chart is referred to as
the body region not related to respiratory movements or a stationary object, as are the sensors found
in the anterior superior iliac spine and the sacrum. This figure has been designed using assets from
www.freepik.com (accessed on 30 April 2024).

While there are three distinct anatomical regions mentioned—the anterior and poste-
rior regions of the thorax, as well as the abdomen—the precise placement of the devices
differs within each of these regions. The anterior region of the thorax was the most re-
ported, being present in 14 studies, of which 6 mentioned the ribs as the fixation site (e.g.,
2nd, 4th, 5th, 7th, 10th, precordial region [48,54,56,58,62,63]), and of which 9 mentioned
the sternum (e.g., body of the sternum, suprasternal notch, manubrium, above xiphoid
process [49–52,57,58,61,68,69]). The abdominal region was reported in 10 studies (e.g., bel-
low the ribs, linea alba, umbilical region [48,50,52,55,58,59,61,63,64,66]), and the posterior
region of the thorax was reported in only 2 studies (e.g., T2, T4, T5, T10 [48,68]). There were
also 5 studies that did not specify an exact location, indicating only the thorax or chest for
the fixation of the devices [55,59,60,64,66]; furthermore, 2 studies indicated a body region
not related to respiratory movements or a stationary object [59,66]. The number of devices
used ranged from 1 to 14, with 1 being the most commonly used total of devices reported
in 11 studies [49,51,53,56,57,60–62,65,67,69].

2.4.3. Measured BP Metrics

A wide variety of different types of devices led to different combinations of sensors
used. A total of 13 studies used measurements from accelerometers only [48–52,54,56–
58,61,63,67,69]. Five studies used measurements from accelerometers and gyroscopes [55,
59,62,64,65]. Four studies used measurements from accelerometers, gyroscopes, and mag-
netometers [53,60,66,68].

www.freepik.com
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In 19 studies, a reference device was used for data comparison [48–54,57–63,65–69].
Among the reference devices, the spirometer was the most frequently employed, appearing
in nine studies [48–54,67,68]. Other reported reference devices encompassed stretch sensors
like piezo-electric bands [60,62,63], optoelectronic plethysmography [59,66], polysomnog-
raphy [57,63,64], pressure sensors and strain gauge respirometry [49,61], pneumotacho-
graph [58], air flow pressure transducer [65], and ergospirometry [48].

In three studies, the use of reference devices was not clearly indicated [55,56,64], and
one study utilized signal bank data [69].

2.4.4. Experimental Task Performed

As expected, all 22 selected studies referred to the breathing activity as the primary ex-
perimental task used to measure BP metrics. This was carried out either through simulated
and guided methods (such as mimicking yawns, coughs, or sighs and adjusting breath
speed or volume) or in a more natural and spontaneous manner. Nevertheless, a subset of
studies specified the measurement of breathing in a particular posture [48,53,59,61,65,68],
alternating between different postures [49,50,56,58,66,67], and during sleep [57,63,69], phys-
ical activity [62], and speech [53].

2.4.5. Methods Employed for Data Processing

Generally, the approaches used in data processing across the studies follow similar
strategies. The process typically starts with sensor alignment and data fusion. Subsequently,
filtering techniques and smoothing methods are applied, along with dimensionality re-
duction and other signal processing techniques, facilitating the selection and extraction of
pertinent features. This culminates in the final step of pattern classification. Despite this
shared framework, the specific methods employed do vary among the studies.

In the domain of aligning sensors and data fusion, several approaches have been
adopted. Some studies utilized the Kalman filter [62,66] and MARG (Magnetic, Angular
Rate, and Gravity) systems [59,66], while others employed Madgwick’s algorithm [59,60,66].
Additionally, the least squares method was used from six stationary positions [50,52], and
there was also the rotation of sensors’ reference systems [54].

For filtering and smoothing methods, a range of techniques have been employed,
including Type-II Chebyshev low-pass filter [67], Butterworth high-pass or low-pass fil-
ter [48,49,52,56,60–62,69], Infinite Impulse Response Butterworth high-pass or low-pass
filter [51,53,57,59], Finite Impulse Response filter [50,51,54], Savitzky–Golay smoothing
filter [62], and moving average [48,59,60].

Dimensionality reduction and other signal processing techniques include Power Spec-
tral Density [66], Principal Component Analysis [48,65,66,69], and covariance matrix analy-
sis [48]. Additionally, Symbolic Aggregate Approximation [52], Synchrosqueezing Trans-
form [63], Hilbert Transformation, and Fourier Transformation [67] have been employed,
along with methods such as Fixed-size Nonoverlapping Sliding Window and Fixed-size
Overlapping Sliding Window [52]. Independent Component Analysis has been utilized as
well [58], and phase shift determination has been applied using techniques like peak and
troughs detection algorithms [51,57,59–63,65–67] and Lissajous figures or the Konno–Mead
loop method [50,52,53].

Several studies have outlined their methodologies for pattern classification. These
encompass a diverse range of techniques, including Modified Long Short-Term Memory Re-
current Neural Network [63], K-means clustering [48], Correlation-based Feature Selection,
Decision Tree, Decision Tree Bagging, Linear Discriminant Analysis, k-Nearest Neighbors,
Support Vector Machines, Multilayer Artificial Neural Networks [52], One-dimensional
Convolutional Neural Network [55,56,64], Markov chain Monte Carlo [60], and Wavelet
Cross-Spectrum analysis [62]. Furthermore, certain researchers have developed proprietary
models [57], while others have employed alternative graphical methods, such as the Bland–
Altman plot [61], to assess the level of agreement or disagreement between sensors and
reference data.
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2.4.6. Findings

Regarding the compiled results, they can be categorized based on the effectiveness of
sensor fusion methods and data signal analysis techniques, the performance of classifiers
for detecting BP, the reliability in identifying signal events, the optimal number of sensors
and setup, the impact of changing position and body dynamics on data acquisition, and the
challenges and limitations encountered in the studies.

In the realm of sensor fusion methods and data signal analysis techniques, several
noteworthy findings emerged from various studies. Cesareo et al. [66] highlighted the
superiority of Madgwick’s algorithm over Kalman-based methods, even at low sampling
rates, due to its accuracy and low computational load along with its ability to compensate
for magnetic distortion and gyroscope bias drift. Additionally, they found that the Principal
Component Analysis (PCA) fusion method exhibited optimal performance by selecting
the most suitable quaternion component based on Power Spectral Density (PSD) analysis.
Yoon et al. [62] emphasized that fusion methods outperformed single accelerometers,
reducing error rates from 11.9% to 7.3%. They achieved this improvement by employing
a Kalman filter to mitigate gyro sensor drift, enabling precise respiration tracking during
physical activity. Fekr et al. [51] conducted a window size analysis, revealing that larger
window sizes yielded better accelerometer–spirometer correlation by eliminating unwanted
rib cage motion. Smaller window sizes resulted in increased standard deviation, impacting
Mean Square Error (MSE) distributions. The choice of window size depended on the
characteristics of breathing disorders.

In the evaluation of classifiers’ performance in detecting BP, several studies offered
valuable insights. Chang et al. [63] demonstrated that Long Short-Term Memory Recurrent
Neural Networks (LSTM-RNNs) outperformed generic Support Vector Machines (SVMs)
with an F1 score of 71% compared with 65%. LSTM-RNNs also exhibited smaller differences
in Apnea–Hypopnea Index (AHI) and achieved high accuracy in severity classification.
De la Fuente et al. [48] introduced an approach that effectively recognized breathing
movements compared with other methods employing reflective markers or kinematics.
Fekr et al. [52] reported impressive results with SVM and two sensors, achieving 97.50%
accuracy using all features for breathing dysfunction classification, even surpassing 99%
accuracy in distinguishing healthy individuals. McClure et al. [55] and Rubavathy et al. [64]
both presented classification results, including 95% accuracy in detecting Central Sleep
Apnea and 86% accuracy in detecting Obstructive Sleep Apnea, with F1 scores ranging
from 52% to 95% for various events in multi-event classification. Rossi et al. [56] leveraged
Neural Networks to achieve classification accuracies ranging from 61% to 97% across
different breathing conditions, while Ryser et al. [57] reported classification results aligning
with clinical standards, achieving a 70.95% accuracy in detecting disrupted respiratory
events and a mean sensitivity of 76.05% while using a simple setup.

In assessing the reliability of identifying signal events related to BP, several studies
provided valuable findings. Chang et al. [63] highlighted the challenges in identifying
Hypopnea (HYP) events while successfully identifying Normal Obstructive Respiratory
(NOR) and Obstructive Sleep Apnea (OSA) events, achieving an accuracy of 92.3% in
distinguishing abnormal events. Das et al. [67] emphasized the importance of multisen-
sor patches as they improved event detection reliability by complementing each other’s
flaws, utilizing various sensors like accelerometers and pressure sensors. Guul et al. [69]
showcased the capability of detecting breath rates and identifying apnea events using
accelerometer data and audio features, calculating the AHI and achieving variance values
of 0.5 for heart rate and 0.87 for respiratory rate. Lapi et al. [54] successfully detected
respiratory frequency and amplitude with accelerometer data, distinguishing various BPs
and coughs qualitatively. Bates et al. [65] reported strong correlations between angular rate
output and cannula pressure data, minimizing Root Mean Square (RMS) error in respiratory
rate estimation, enhancing signal event reliability. Cesareo et al. [59] indicated a strong
correlation and agreement between device and Optoelectronic Plethysmography (OEP)
breathing frequency measurements, especially within the healthy adult resting range, while
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noting errors at higher breathing frequencies. Gollee and Chen [53] explored IMUs and
spirometry signals, highlighting their capabilities in identifying expiration and inspira-
tion onsets and phase shifts during BPs, though potential errors in IMU signal alignment
during specific activities were noted. Dehkordi et al. [49] demonstrated the advantages of
Acceleration-Derived Respiratory (ADR) measurements over Strain Gauge Respirometry
(SGR) belts, particularly in accuracy and robustness across positions and breathing condi-
tions. Fekr et al. [50,51] reported strong correlations between accelerometer and spirometer
signals, with generally low MSE values affirming their reliability in capturing respiratory
patterns. Preejith et al. [61] highlighted a wearable device’s accuracy in measuring respira-
tory rate, even during minimal movements, effectively eliminating motion artifacts and
enhancing signal event reliability.

By exploring the optimal number of sensors and setup configurations, several stud-
ies yielded valuable findings. De la Fuente et al. [48] demonstrated that accelerometers
localized on the upper chest were effective in detecting the costal-superior pattern, while
accelerometers placed on the lower chest and abdominal wall detected the costal-abdominal
pattern. Gaidhani et al. [68] introduced a breath detection method utilizing information
from two different IMUs placed on the anterior and posterior sides of the chest, suggesting
that incorporating one more IMU on the abdomen could enhance breath activity evaluation.
Siqueira et al. [58] found that the quality of estimation significantly improved with up to
eight accelerometers, with no notable enhancement in estimation quality observed beyond
eight sensors, often finding right-hand accelerometers providing the optimal Minimum
Mean Square Error (MMSE) estimate in various body postures. Bates et al. [65] noted that
combining accelerometer and magnetometer data had the potential to improve accuracy
but came at the cost of increased power usage and device cost.

The impact of changing position and body dynamics on data acquisition was explored
in several studies, yielding noteworthy results. Cesareo et al. [66] observed enhanced
performance in the supine position compared with the seated position, possibly due to
reduced trunk oscillations in the absence of back support during seating. Das et al. [67]
highlighted the potential for motion artifacts resulting from subject movement, sensor
patch disturbance, friction, and slippage. De la Fuente et al. [48] discovered regional
differences in tidal breath patterns in the seated position, suggesting the feasibility of
measuring such differences using accelerometers. Frey et al. [60] found that the device’s
sensing capability was unreliable during walking, indicating limitations in capturing data
during dynamic activities. Lapi et al. [54] successfully captured postural behaviors during
sleep using long-term accelerometric recordings in normal subjects. Dehkordi et al. [49]
demonstrated that ADR measurements provided superior results for the relative error of
breath rates across different positions. Fekr et al. [50] noted that body position influenced
correlation and time variables but maintained a mean correlation above 0.8 across positions
and BPs. Preejith et al. [61] reported that the device’s accuracy in measuring respiratory rate
remained satisfactory during minimal movements, with their proposed solution effectively
eliminating motion artifacts.

Finally, to acknowledge the challenges and limitations encountered in these studies,
De la Fuente et al. [48] pointed out challenges in the physiological distribution of sensors
and the need for advanced data analysis algorithms, particularly in different populations.
Frey et al. [60] and Gaidhani et al. [68] highlighted the limitation of small sample sizes
in their studies. Lapi et al. [54] recognized interference from body motion as a limitation,
although it was considered valuable for clinical use. McClure et al. [55] emphasized
the challenges in identifying key data features influencing decisions in deep learning
applications and the need for better CNN training with data from actual sleep apnea
patients. Rossi et al. [56] cautioned that their results might not be extrapolated to a broader
population of individuals with sleep disorders due to the lack of data on pathological
sleep conditions. Ryser et al. [57] acknowledged limitations in their classification model’s
ability to distinguish between central and obstructive apnea/hypopnea, likely due to a
small dataset of healthy subjects. Siqueira et al. [58] highlighted the need to explore the
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effects of respiratory pathologies, as their study involved only healthy male participants.
Bates et al. [65] noted that lower movement detection thresholds increased sensitivity
to movement but could potentially discard valid data. Cesareo et al. [59] recognized
errors at higher breathing frequencies and data loss rates in their sensor units under
various conditions. Gollee and Chen [53] pointed out the potential effects of high-pass
filtering on IMU signal alignment and suggested combining signals from multiple IMU
sensors to improve reliability. Dehkordi et al. [49] discussed the susceptibility of ADR
to motion artifacts and the limitations of SGR in terms of belt placement and tension.
Preejith et al. [61] identified challenges related to false positives and false negatives in cycle
detection, influenced by motion-induced corruptions and sensor placement issues.

3. Data Analysis, Results, and Discussion

This SLR focuses on researching the methods utilized, comparing their similarities and
differences, quantifying variables and kinematic parameters, addressing limitations and
challenges, and exploring future directions within the field of adult human BP assessment
using inertial sensors. In this section, we discuss the key findings and implications in
relation to the research questions.

3.1. What Methods Are Being Employed to Enhance IMU-Based Adult Human BP Assessment?

Various sensor fusion methods and data signal analysis techniques have been em-
ployed in studies focusing on inertial sensors for measuring BPs. These methods have
contributed to improving the accuracy and reliability of detecting and quantifying BPs.
Notably, Madgwick’s algorithm was found to be superior in some studies, offering high
accuracy and low computational load, while the Principal Component Analysis (PCA)
fusion method demonstrated optimal performance in selecting relevant features. These
findings suggest that the choice of sensor fusion method and data analysis technique can
significantly impact the effectiveness of inertial sensors in assessing BPs. Researchers
should carefully consider these factors when designing experiments and data processing
pipelines.

3.2. Which Classifiers Are Being Employed and Perform Best in Detecting Adult Human BPs?

A wide range of classification techniques have been employed to detect and classify
BPs using inertial sensors. Long Short-Term Memory Recurrent Neural Networks (LSTM-
RNNs) showed promise in achieving high accuracy, especially in classifying the severity
of breathing disorders. Support Vector Machines (SVMs) and Artificial Neural Networks
(ANNs) have also demonstrated strong performance in various studies. These findings
suggest that machine learning approaches can be effective in automating the detection and
classification of BPs based on inertial sensor data. However, it is essential to choose the
appropriate classifier based on the specific research objectives and data characteristics.

3.3. How Reliable Are IMUs at Identifying Signals Associated with Adult Human BPs?

Inertial sensors proved to be capable of detecting breath rates, apnea events, respira-
tory frequency, and amplitude, even in different body positions and conditions. Addition-
ally, accelerometer data showed strong correlations with other reference devices, such as
spirometers and pressure sensors, enhancing signal event reliability. These findings suggest
that inertial sensors can provide reliable measurements of breathing-related signal events,
making them valuable tools for respiratory assessment in various scenarios.

3.4. Is There an Ideal Number of Sensors and Configurations to Accurately Assess Adult
Human BPs?

This review provided insights into the optimal number of sensors and setup configura-
tions for assessing BPs. Studies showed that accelerometers placed on different anatomical
regions, such as the upper chest, lower chest, and abdominal wall, were effective at de-
tecting specific BPs. Furthermore, the use of multiple sensors, including accelerometers,
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gyroscopes, and magnetometers, was common in the research, enhancing the robustness of
data collection and analysis. These findings suggest that the choice of sensor placement and
the use of multiple sensors can be tailored to specific research objectives and the desired
level of accuracy.

3.5. What Are the Main Challenges and Limitations When Using Inertial Sensors in Assessing
Adult Human BPs?

Several studies have investigated the impact of changing body positions and dynam-
ics on data acquisition using inertial sensors, revealing the versatility of these sensors in
capturing BPs across various contexts. While most research has focused on measuring BPs
at rest, some have explored scenarios involving physical activity, speech, and sleep, demon-
strating the potential of inertial sensors. However, these studies have also highlighted
challenges related to sensor alignment and potential errors during specific activities, which
researchers need to consider when designing experiments in dynamic settings. This review
has also underscored several challenges and limitations associated with using inertial
sensors for assessing BPs, including issues with sensor accuracy, potential errors during
sensor alignment, and difficulties in identifying specific events like hypopnea. Furthermore,
variations in sensor types and sampling rates observed across studies have emphasized the
importance of standardizing approaches in future research. These findings emphasize the
need to address these challenges and limitations to improve the reliability and accuracy of
inertial sensor-based assessments of BPs.

3.6. What Insights Have Been Gained, and What Future Directions Are Envisioned for Applying
Inertial Sensors in the Assessment of Adult Human BP?

Based on the findings of this review, several future directions can be envisioned
for applying inertial sensors in the detection of adult human BPs. Researchers should
continue to explore advanced sensor fusion methods and data signal analysis techniques
to enhance the accuracy and reliability of BP assessments. Additionally, the development
of robust classifiers tailored to specific clinical applications should be a focus of future
research. Standardization of sensor placement and data collection protocols can help reduce
variability and improve comparability across studies. Moreover, investigating the feasibility
of the real-time monitoring of BPs using wearable inertial sensors holds promise for clinical
applications and the early detection of respiratory disorders.

However, despite the valuable insights gained from this systematic literature review,
it is important to acknowledge and address several limitations inherent in the methodology
and scope of the study. Because the study is a systematic literature review rather than a true
systematic review, the authors chose not to assess certainty, considering one of the inclusion
criteria being papers published in scientific peer-reviewed journals. Additionally, this
review took a descriptive approach to provide a comprehensive overview of the literature.
Due to the specific inclusion/exclusion criteria focusing on particular aspects of the research
topic, the authors did not formally assess the risk of bias for included studies. While a
formal analysis of result strength was not performed, all compiled information was based
on the authors’ six specific research questions.

4. Conclusions

This SLR has provided comprehensive insights into the field of detecting and monitor-
ing BP using sensor technologies. Key findings across various aspects, including sensor
fusion methods, classifier performance, the reliability of signal event identification, optimal
sensor setups, and the impact of changing body dynamics, have been synthesized.

Sensor fusion methods and data signal analysis techniques have shown promising
results, with Madgwick’s algorithm emerging as a standout method due to its accuracy,
low computational load, and ability to compensate for distortions [66]. Fusion methods
have generally outperformed single accelerometers, improving accuracy and reducing
error rates [62].
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Classifiers, particularly Long Short-Term Memory Recurrent Neural Networks (LSTM-
RNNs) and Support Vector Machines (SVMs), have demonstrated high accuracy in detect-
ing breathing disorders, with potential for enhancing diagnostic accuracy and treatment
efficacy [52,63].

Reliability in identifying signal events related to BP has been confirmed, with mul-
tisensor patches and strong correlations between sensor signals enhancing event detec-
tion [67,69]. However, challenges such as motion artifacts and sensor placement issues
persist [61].

Optimal sensor setups have been explored, suggesting effective configurations for
detecting breathing patterns [48,68]. However, increasing the number of sensors beyond
a certain point may not significantly enhance estimation quality, and trade-offs between
accuracy, power usage, and cost must be considered [58,65].

The impact of changing body dynamics on data acquisition has been investigated,
highlighting the influence of body position on signal reliability and the challenges of
motion artifacts [49,67]. Nevertheless, certain setups have shown reliability, even during
movement [61].

In conclusion, this SLR shed light on the methods, challenges, and potential future de-
velopments in using inertial sensors to assess adult human BP. The field holds promise, but
addressing challenges related to sensor placement, motion artifacts, and algorithm develop-
ment is crucial for its continued advancement. Future research should focus on expanding
the application of these sensors to clinical settings and a broader range of populations,
ultimately improving our understanding and management of respiratory health.
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