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Highlights

What are the main findings?

• Non-intrusive pressure-based sensors integrated into vehicle seats can reliably estimate
the respiration rate in a moving vehicle, even amidst significant noise and artifacts.

• Experimental evaluation during on-road driving demonstrates accurate performance
for real-world applications, effectively closing the gap with practical deployment.

What is the implication of the main finding?

• These results enable the development of unobtrusive driver and occupant monitoring
systems for real-time, in-vehicle health and safety assessments, which are critical for
post-crash care and impairment detection.

Abstract: In-vehicle physiological sensing is emerging as a vital approach to enhancing
driver monitoring and overall automotive safety. This pilot study explores the feasibility of
a pressure-based system, repurposing commonplace occupant classification electronics to
capture respiration signals during real-world driving. Data were collected from a driver-
seat-embedded, fluid-filled pressure bladder sensor during normal on-road driving. The
sensor output was processed using simple filtering techniques to isolate low-amplitude res-
piratory signals from substantial background noise and motion artifacts. The experimental
results indicate that the system reliably detects the respiration rate despite the dynamic
environment, achieving a mean absolute error of 1.5 breaths per minute with a standard
deviation of 1.87 breaths per minute (9.2% of the mean true respiration rate), thereby bridg-
ing the gap between controlled laboratory tests and real-world automotive deployment.
These findings support the potential integration of unobtrusive physiological monitoring
into driver state monitoring systems, which can aid in the early detection of fatigue and
impairment, enhance post-crash triage through timely vital sign transmission, and extend
to monitoring other vehicle occupants. This study contributes to the development of robust
and cost-effective in-cabin sensor systems that have the potential to improve road safety
and health monitoring in automotive settings.

Keywords: respiration monitoring; driver monitoring; in-vehicle sensing; automotive
safety; occupant detection; post-crash triage; continuous health monitoring; vital signs

1. Introduction
Unobtrusive physiological sensing in automobiles has gained considerable momentum

due to its potential to improve road user safety, enhance driver well-being, and protect
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vulnerable passengers such as children and infants [1–4]. This technology, however, must
demonstrate robust performance and reliability in on-road scenarios before it can be
applied to a range of applications, such as post-crash occupant triage (communicating
real-time vitals to emergency responders [5–8]), driver monitoring systems for fatigue,
distraction, drowsiness, and impairment detection [1,9–12], child presence alerts to prevent
heatstroke, and applications in commercial vehicles, where monitoring driver health and
alertness is key to preventing crashes and ensuring safe operation during long hours on
the road [13]. Additionally, as autonomous driving technology advances, physiological
monitoring systems will be essential for assessing driver readiness to regain control when
needed [2,14].

A variety of approaches for respiration monitoring have been proposed in the exist-
ing literature. For example, camera-based methods rely on standard or infrared video
to detect small facial or chest movements and temperature changes [15–21]. However,
although camera-based approaches may be effective under controlled conditions, their
performance may degrade if their line of sight is blocked or if the lighting varies widely [22].
In contrast, radar-based systems leverage the Doppler effect caused by chest motion. These
systems, however, can be sensitive to occupant position and ambient interference [23–26].
Ultrasound sensors, in turn, similarly detect chest displacement and have shown promise
in clinical and home-care contexts; however, bulky transducers and stringent alignment
requirements often limit their practicality in dynamic automotive settings [27–30].

In contrast, pressure-based sensing, which is already integrated into many vehicle
seats to measure vehicle occupancy, may offer a suitable alternative [31,32]. Many vehicle
occupant classification modules (OCMs) use pressure sensing systems that incorporate
fluid-filled bladders or embedded pressure mats in car seats. These pressure sensors are
used to detect the presence of passengers and classify occupant size for proper airbag
deployment [33]. However, in recent years, researchers have adapted these seat-integrated
modules to capture subtle pressure changes produced by the cardiopulmonary cycle [18,34].
In the automotive context, Wusk and Gabler [34] initially demonstrated that existing fluid-
filled seat bladders could be repurposed to detect respiration in resting subjects in a
controlled laboratory environment. A subsequent study conducted by Valente et al. [18]
developed an enhanced system that worked in a stationary vehicle with the engine running.
This study demonstrated the feasibility of measuring a passenger’s breathing rate despite
moderate noise and vibration, paving the way for a more advanced design suitable for
on-road scenarios while highlighting the need for robust filtering and artifact rejection to
mitigate noise.

Building on these foundational studies, the present work addresses the key gap
of implementing a pressure-based respiration-sensing approach in a real-world moving
vehicle, specifically verifying system performance under real driving conditions, where
noise and driver movement are substantially higher than in a laboratory setting. The work
focuses on the vehicle’s driver, since this occupant represents a more complex sensing
challenge than passengers due to required movements related to steering and braking,
which can significantly overshadow the subtle waveform of respiration [35]. These dynamic
movements, along with the vehicle’s motion, create a challenging environment for accurate
physiological sensing.

The subsequent sections of this paper detail the approach for capturing respiration
signals in a moving vehicle, outline the signal processing strategies, present the results,
and discuss how these findings could generalize to other occupant monitoring scenarios.
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2. Materials and Methods
2.1. Experimental Setup

This test-track driving study was part of a pilot investigation that involved five par-
ticipants (3 males, 2 females). Each participant wore a heart rate monitor (Polar H10 by
Polar Electro, Kempele, Finland),an electroencephalograph (EEG) headset (DSI-24 EEG by
Wearable Sensing, San Diego, CA, USA), and a respiration monitoring belt (Wearable Sens-
ing DSI-RESP). These sensors recorded continuous data during the experimental sessions,
which included a baseline driving session (S1), an alcohol dosing session (D1), and an
impaired driving session (S2). The two driving sessions (S1 and S2) were identical. Partici-
pants drove a 2018 Ford Edge SE (Ford Motor Company, Dearborn, MI, USA) retrofitted
with rear-seat driving controls for safety intervention on the Virginia Smart Roads, a closed-
to-the-public test track. Each driving session lasted 20 to 40 min and involved a series of
maneuvers such as left and right turns, lane changes, and stops at traffic signals. The route
included an urban intersection section (25 m.p.h. speed limit), followed by a road segment
(35 m.p.h. speed limit). Participants received continuous navigation instructions from an
experimenter seated behind them and were instructed to follow all traffic laws and use
turn signals when appropriate.

The front passenger seat of the research vehicle was retrofitted with an original equip-
ment manufacturer (OEM) fluid-filled pressure-sensing bladder and sensor assembly from
a 2012 Ford Taurus SE (Figure 1a–c), as this is a part of many OCM systems used in con-
sumer vehicles (see Table 1 for details). Previous studies established that this assembly is
able to detect the respiration rate through minute pressure changes caused by inhalation
and exhalation cycles [18,34]. The sensor output (0–5 V DC corresponding to the detected
pressure) was recorded via a USB-connected LabJack U3 HV analog-to-digital converter
(ADC) at a sampling rate of 50 Hz. The DSI RESP belt, which served as the reference
device, was connected to the DSI EEG headset and transmitted data through Bluetooth
Low Energy at 300 Hz. Data from both devices were time-synchronized and recorded into
Extensible Data Format (XDF) files using Lab Streaming Layer (LSL version 1.16) [36]. LSL
was chosen for this study due to its ability to facilitate multimodal data collection from
sensors operating at different and potentially irregular sampling rates while maintaining
sub-millisecond synchronization. As an open-source middleware ecosystem, LSL simplifies
data streaming, synchronization, and recording by providing a standardized application
programming interface (API) that abstracts platform differences and ensures precise time
alignment across diverse physiological signals. Custom LSL packages were developed by
modifying open-source device-specific streaming packages (’dsi2lsl’ [37] for the EEG/RESP
sensor and ’labjack-to-lsl’ [38] for the Labjack U3 ADC) to stream the data.

(a) (b) (c)

Figure 1. Sensor assembly used: (a) sensing mat; (b) fluid-filled bladder; (c) pressure sensor.
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Table 1. OEM specifications for the OCM used in this study.

Parameter Specification Notes

Brand/Part FoMoCo M/N: 12228430 -
Input Supply 5 V DC -

Output 0–5 V DC Inverted response
Resolution 2 mV Estimated

Seat sensor recording began just before the participant started driving and ended
once the session was completed. Thus, for each participant, two datasets (S1 and S2) were
collected, for a total of 10 datasets among the five participants. During the sessions, partici-
pants engaged in normal driving activities, including occasional verbal communication,
without restrictions on body movements. This approach was intended to replicate the noise
and movement-related artifacts expected in real-world driving conditions.

2.2. Signal Processing

The normal respiration rate for healthy, resting adults ranges from 12 to 18 breaths
per minute (brpm). This study aimed to capture respiration rates in the broader range of
6–30 brpm, including potentially abnormal values. The sensor output was sampled at a
frequency of 50 Hz to comfortably exceed the Nyquist rate for the target frequency band
(0.1–0.5 Hz), ensuring sufficient resolution for capturing respiration dynamics. This high
sampling rate also enabled detection of potential high-frequency disturbances and align-
ment with other synchronized systems in the vehicle, though these secondary factors were
not relevant to the current analysis. All data processing and analyses were designed with
this target range in mind and were implemented post hoc in MATLAB R2023a [39]. The raw
signals from the respiration belt and pressure sensor were filtered using a zero-phase
Infinite Impulse Response (IIR) bandpass filter in the 0.1–0.5 Hz range (filter specifications
are provided in Table 2) [40]. This filter was designed to isolate respiration rates within the
6 to 30 brpm range, and its frequency response is shown in Figure 2. The filtered signals
were then normalized to an amplitude range of 0 to 1 for improved visualization.

Table 2. Filter specifications (designed in MATLAB R2023a).

Parameter Specification

Response Type IIR
Method Elliptic (minimum-order, zero-phase)

Stopband Attenuation 60 dB
Steepness 0.85

Sampling Frequency 50 Hz (Pressure sensor), 300 Hz (Belt)
Passband Frequency 0.1–0.5 Hz (6–30 breaths per minute)

Signal peaks were detected using the following criteria:
In a discrete set of n samples (s1, s2, . . . , sn), the jth sample (j ∈ N, 2 ≤ j ≤ n − 1) is

initially classified as a signal peak if it satisfies two conditions:

1. sj > sj−1 (the sample is greater than the previous value, indicating an upward
slope) and

2. sj ≥ sj+1 (i.e., the sample is greater than or equal to the next value, ensuring a
local maximum).
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Figure 2. Frequency response of the bandpass filter used.

Figure 3 demonstrates the condition being satisfied for the jth sample in a theoretical
dataset. After identifying all initial peaks, the algorithm applies a minimum peak distance
threshold of 2 s, corresponding to the physiological limit of 30 brpm. This threshold allows
for dynamic evaluation of peaks within the window, selecting only the most prominent
peak while ignoring others within the same time frame. This approach effectively retains
only the strongest peak, minimizing the influence of small fluctuations and reducing false
positive peaks. Figure 4 illustrates the steps and final output of this process for a 60-s
period involving a single participant. While the raw seat pressure signal exhibits voltage
variations on the order of 10−1 V, the filtered signal appears an order of magnitude smaller,
typically within the 10−3 V range (see Figure 4b). This low-amplitude result is expected and
reflects the nature of respiration-induced pressure changes, which are subtle and heavily
damped as they propagate through the body, clothing, and seat materials. It is important to
note that the original sensor was not designed for respiration monitoring; as such, these
oscillations are often treated as noise in occupant classification contexts. Here, however,
the same fluctuations constitute the signal of interest. As such, traditional signal-to-noise
ratio (SNR) interpretations are not directly applicable; the signal’s amplitude is inherently
small relative to the broadband noise it is embedded in, but this does not indicate poor
sensing fidelity. The processing pipeline effectively isolates the relevant low-frequency
component, allowing robust respiration rate estimation even from the low-amplitude input.
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Figure 3. Example of the peak detection algorithm.
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Figure 4. Complete signal processing steps for the (a) respiration belt, (b) pressure sensor, and (c) a
comparison of the two normalized signals.

Finally, respiration rates for each sensor are calculated by precisely counting the
number of peaks within a 60-s sliding window, with a 30-s step size (i.e., 50% overlap)
across the entire trial period. Fractional cycles are also accounted for by considering both
the peaks preceding and succeeding each epoch, ensuring an accurate estimation of the
respiration rate.

2.3. Data Analysis

Mean respiration rates and standard deviations were calculated for each sensor and
trial. These values were analyzed as dependent variables using a random-effects mixed
general linear model in JMP Pro 18. The session (S1 or S2) and sensor types (belt or pressure
sensor) were treated as independent variables. Significance was assessed for the main effects
and two-way interactions with an alpha level of 0.05. Post hoc analyses were conducted
using Tukey’s Honestly Significant Difference (HSD) test for multiple comparisons.

Bland–Altman analysis was additionally performed to assess the performance of the
pressure sensor compared to the true respiration rates. This statistical method is used to
assess the agreement between two measurement techniques and is particularly useful for
comparing a new measurement technique against an established reference, as it highlights
potential discrepancies and systematic biases that may not be apparent through correlation
analysis alone [41]. It plots the mean of the two methods against their difference, allowing
for visualization of systematic bias and limits of agreement (LoAs). The LoAs, which are
typically set at a mean difference of ±1.96 standard deviations, represent the expected range
within which most differences should lie.

Rate differences (i.e., d = True rate − Measured rate) were calculated to derive the
following metrics:

• Mean of differences,
• Mean absolute error (MAE),
• Standard deviation of differences (SD), and

• Coefficient of variation
(

CV = SD
True mean rate × 100%

)
.

Boxplots and statistical summaries were generated for individual subjects, as well as
the entire dataset.
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Additional Analysis

All primary results were obtained using a 60-s sliding window with a 30-s step size
(50% overlap). This configuration was selected as a practical compromise between estima-
tion stability and real-time responsiveness, particularly for steady-state driver monitoring.
To assess system adaptability, additional analyses were conducted using a range of win-
dow lengths and step sizes. Table 3 summarizes the parameter combinations explored.
These configurations were evaluated not to identify a single optimal setup but to examine
how performance varies under different operational demands, such as rapid estimation in
emergency contexts versus smoother trend tracking for continuous monitoring.

Table 3. Window size, overlap, and overlap percentage configurations.

# Window Size (s) Overlap (s) Overlap Percentage (%)

1 20 10 50
2 30 15 50
3 30 20 67
4 45 15 33
5 45 30 67
6 60 15 25
7 60 30 50
8 60 45 75
9 90 45 50
10 90 60 67
11 120 60 50
12 120 90 75
13 180 90 50
14 300 150 50

3. Results
Five healthy adult participants (3 male, 2 female) between the ages 27 and 46 years

(mean = 34.8 years) successfully completed the study. Table 4 summarizes their demographics.

Table 4. Participants’ demographic information.

Subject Sex Age (years) Weight (lbs) Height (in)

1 Female 35 134.0 65
2 Male 27 172.0 71
3 Male 46 216.0 72
4 Female 36 236.0 62
5 Male 30 163.4 69

The processed data were analyzed to determine the accuracy of respiration rate esti-
mation using the pressure sensor. The following subsections detail the time-domain results,
statistical analysis, and additional evaluations.

3.1. Time-Domain Results

Figure 4 in Section 2.2 illustrates the comparison between processed respiration signals
from both sensors over a randomly selected 60-s period. The normalized waveforms are
overlaid to facilitate a visual assessment of the detected peaks. To provide a more detailed
view, Figure 5 zooms in on a 30-s segment, offering clearer insight into how accurately the
pressure sensor tracks the true respiration rate.

The respiration rate values derived from the pressure sensor were compared to the
true respiration rate (Figure 6a illustrates the result for a randomly selected 25-min period).
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In the period illustrated in Figure 6a, the pressure sensor maintains a fairly accurate
estimation throughout this duration. A slight increase in true respiration rate between 0
and 5 min and a slight decrease around the 18-minute mark were successfully captured by
the pressure sensor. Figure 6b presents the fluctuation of the measurement error around the
true respiration rate, consistently staying within ±2 brpm in most cases, with occasional
deviations reaching ±3 brpm in noisier segments.
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Figure 6. Example: (a) Respiration rate comparison over a 25-min period. (b) Measurement error.

3.2. Statistical Results

The respiration rate values from the pressure sensor and the reference device were
analyzed for all five participants. The measured respiration rates showed general agreement
with the true respiration rates, although individual variations were observed (Figure 7).
The summary statistics for each subject, including the duration and percentage of the data
used in the analysis, mean error, MAE, and SD, are presented in Table 5.

Table 5. Summary statistics for each subject.

Subject Minutes % Mean MAE SD

1 52.5 23.6 −0.9 1.7 1.8
2 41.0 18.4 1.2 1.8 1.9
3 37.0 16.6 −0.3 1.6 1.9
4 41.5 18.6 −0.2 1.5 1.9
5 50.5 22.7 0.2 1.1 1.3
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Figure 7. Boxplots for subject-wise respiration rate comparisons.

Overall performance metrics indicated that, on average, the pressure sensor estimated
respiration rates with an MAE of 1.5 brpm. The mean measured respiration rate was only
0.05 brpm higher than the true respiration rate. The standard deviation of the measurement
error was found to be 1.87 brpm, corresponding to a 9.2% CV relative to the true mean
respiration rate over the entire dataset.

The generalized linear model (as described in Section 2.3) yielded least square mean
values of 19.0 and 19.3 brpm for the true and measured respiration rates, respectively.
Standard errors for the belt and seat sensor were both found to be nearly identical at
approximately 0.51 brpm, while their individual standard deviations were 1.58 brpm and
1.21 brpm, respectively. The difference in the mean breathing rates detected by the two
sensors was not statistically significant (F = 0.411, p = 0.557).

Bland–Altman Analysis Results

The measured respiration rate values were in good agreement with the true values,
with approximately 67% of all measured values falling within ±1 standard deviation of the
rate difference (Figure 8). The reproducibility coefficient (RPC), determined by 1.96 × SD,
was 3.7 brpm, which mostly fell within acceptable limits.

Figure 8. Bland–Altman analysis plot for the dataset.
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3.3. Additional Results

Different window configurations exhibited different predictive performance, with
longer time windows generally resulting in lower errors (Figure 9 and Table 6). Worst-case
performance was observed with a 20-s window with 50% overlap, where the MAE reached
2.4 brpm. This level of accuracy may not be ideal for applications requiring high precision
but is acceptable for cases where a rapid respiration rate estimation is needed, such as
post-crash response scenarios. A 60-s window length with 50% overlap produced an MAE
of 1.5 brpm. Further improvements were seen with 90-s and 120-s windows, achieving
near-perfect performance with errors close to 1 brpm.
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Figure 9. Change in sensor performance with the time-window size (50% overlap).

Table 6. Performance metrics across different window sizes and overlaps.

# Window Size (s) Overlap (s) Overlap % Mean (brpm) * MAE (brpm) SD (brpm) CV (%)

1 20 10 50 −0.02 2.4 3.1 14.0
2 30 15 50 −0.04 2.0 2.6 12.0
3 30 20 67 −0.03 2.0 2.6 12.0
4 45 15 33 −0.04 1.7 2.2 10.0
5 45 30 67 −0.07 1.7 2.2 10.0
6 60 15 25 −0.05 1.5 1.9 9.4
7 60 30 50 −0.05 1.5 1.9 9.2
8 60 45 75 −0.02 1.5 1.9 9.5
9 90 45 50 0.03 1.3 1.6 8.1
10 90 60 67 0.08 1.2 1.6 7.9
11 120 60 50 0.07 1.1 1.4 7.2
12 120 90 75 0.08 1.1 1.4 7.1
13 180 90 50 0.10 1.0 1.2 6.5
14 300 150 50 −0.10 0.8 0.9 4.6

* All values are computed for True rate − Measured rate.

4. Discussion
This study demonstrates that the proposed system can reliably estimate the respiration

rate in real-world driving conditions. With an MAE of 1.5 brpm and a standard deviation
of 1.9 brpm, the system offers sufficient accuracy for applications such as driver monitoring,
post-crash triage, and passenger safety. The Bland–Altman analysis further supports the
validity of this approach, showing strong agreement with the true respiration rates and
minimal measurement bias. Furthermore, the ability of this approach to function in a
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moving vehicle while maintaining accuracy reinforces its viability for unobtrusive, real-
time monitoring. The sensor’s integration within the seat enables continuous monitoring
as long as the occupant remains seated without requiring an unobstructed line of sight,
ensuring robustness across diverse occupant postures and driving conditions. Leveraging
existing OEM equipment, this approach is both cost-effective and convenient, eliminating
the need for additional hardware or specialized installation. Furthermore, with real-time
embedded deployment as the ultimate vision, the algorithms were intentionally designed
to be minimalistic, prioritizing efficiency over computational complexity. This ensures a
fast response time while minimizing the processing power required, making the system
well suited for integration into resource-constrained automotive environments where real-
time operation is essential. Although the filtered signal amplitude appears low, often
in the millivolt range, this is a natural consequence of using seat-integrated sensors not
originally designed to capture respiration. Respiration-induced fluctuations are subtle
and heavily attenuated by the occupant’s body and seat layers. However, the signal
processing framework successfully isolates this weak physiological signal, enabling reliable
rate estimation. Importantly, the system’s low signal magnitude does not compromise
its practical utility. On the contrary, this solution offers distinct advantages over camera-,
radar-, or ultrasound-based methods; it is unaffected by lighting or clothing, requires no
line-of-sight or postural alignment, and leverages pre-installed OEM components. These
features make it a cost-effective, passive, and robust platform for continuous in-vehicle
monitoring, even in dynamic driving conditions.

A key challenge faced in this study was mitigating noise from road-induced vibrations,
driver posture shifts, and dynamic vehicle conditions. Despite these confounders, the signal
processing framework effectively extracted respiration rates, even in short 20-s windows,
where the MAE remained within 2.4 brpm. While this level of precision may not be ideal
for high-accuracy clinical monitoring, it remains sufficient for time-sensitive applications
such as emergency response scenarios, where rapid estimation is crucial. Shorter windows
allow for immediate assessment, while longer windows improve accuracy as more data
become available, balancing rapid detection with measurement precision. This adaptability
makes the system suitable for both real-time driver monitoring and post-crash triage.

These results demonstrate superior accuracy compared to previous studies that in-
spired this work. Specifically, Wusk and Gabler [34] explored two methods for respiration
rate estimation in a laboratory, with their time-series analysis method yielding a mean error
of −2.5 brpm and a standard deviation in error of 2.9 brpm (RPC = 5.69 brpm). Their alter-
native frequency-based approach reported a slightly lower mean error (−0.91 brpm) but
with increased variability (SD = 3.3 brpm, RPC = 6.47 brpm). Valente et al. [18] assessed in-
dividual sensors separately in a stationary vehicle with the engine running, reporting mean
respiration rates of 18.9 brpm for the reference belt and 21.1 brpm for the pressure-based
system, equating to a mean difference of −2.2 brpm. In contrast, the current study achieves
a significantly reduced mean difference of −0.05 brpm and standard deviation of 1.87 brpm.
Moreover, the reported MAE (1.5 brpm), which was not detailed in previous studies, high-
lights enhanced precision and reliability. Even the 20-s rapid estimation mentioned earlier
reported an MAE of 2.4 brpm, which is comparable to the mean errors of previous studies.
It is important to note that the MAE is always greater than or equal to the absolute value
of the mean error, suggesting that the mean absolute errors in previous studies would
likely have been larger than their reported mean errors. This improved performance,
despite the presence of vehicle movement and occupant-induced variability, underscores
the robustness and applicability of this system for real-world automotive environments.

Beyond driver monitoring, this technology has broad implications for passenger safety
and health applications. Continuous respiration tracking could be particularly useful for
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infants, children, and elderly passengers, offering a non-intrusive solution for detecting
physiological distress. In cases of pediatric vehicular heatstroke, real-time respiration
monitoring could alert caregivers before a dangerous situation arises. These findings
establish pressure-based respiration sensing as a practical, scalable solution for real-time
physiological monitoring in moving vehicles, with applications ranging from everyday
driver safety to emergency medical response.

Limitations and Future Work

While this study demonstrated the feasibility of in-vehicle respiration monitoring,
several limitations must be acknowledged. The test vehicle operated at a maximum speed of
35 m.p.h. during data collection. This speed range presents both a constraint and a potential
advantage. Higher speeds may introduce additional vehicular vibrations; however, since
these are primarily high-frequency disturbances, their impact should be minimal due to the
filtering techniques employed. Additionally, a more stable driver posture at higher speeds
may reduce body movement artifacts, thereby improving sensor performance. Future
research should investigate system performance across a wider range of driving speeds to
further assess its robustness in real-world conditions.

Furthermore, this pilot study was limited by its short duration, which may not have
captured the full variability of the respiration rates that occur naturally during prolonged
driving. Future studies should investigate how respiration variability and sensor accuracy
may be affected by longer, fully naturalistic driving sessions. Further research could also
explore the effects of secondary activities, such as eating, drinking, speaking, or interacting
with dashboard controls, as well as a wider range of road conditions and vehicle types.
These scenarios would also introduce a wider range of motion artifacts and environmental
disturbances, which are essential for validating the robustness of the filtering algorithm un-
der more complex noise conditions. In addition, larger and more demographically diverse
participant samples will be necessary to confirm the generalizability of these findings.

This study validates the system’s reliability in real-world conditions. While the imple-
mentation was post hoc, the algorithms were intentionally designed to be minimalistic for
real-time operation with limited processing power. The low complexity of the signal pro-
cessing pipeline supports feasibility for real-time deployment, and the power consumption
of the system is minimal due to passive sensing and lightweight operations. More complex
methods could improve accuracy but would come at the cost of higher computational
demands and slower response times. Future work could explore advanced signal process-
ing techniques such as wavelet transforms, adaptive frequency analysis, empirical mode
decomposition, machine-learning-based filtering, or hybrid time–frequency approaches to
enhance robustness while maintaining computational efficiency for real-time applications.

While this study focused on technical feasibility, the broader use of in-vehicle physio-
logical monitoring raises important privacy and ethical considerations. Future deployments
should ensure that any collected physiological data remain locally processed and are not
transmitted or stored externally unless explicitly needed (e.g., to alert emergency services in
a crash). Designing such systems with user consent, data minimization, and secure closed-
loop architectures can help address potential concerns related to surveillance, misuse,
or data sharing.

Beyond validating system robustness, future work should explore additional applica-
tions of this technology. While primarily designed for driver monitoring, the system has
potential applications in continuous health tracking for passengers, workplace ergonomics,
and other domains. Moreover, further analysis of the respiration signal waveforms, in-
cluding peak characteristics, could provide deeper insights into breathing patterns, depth,
and tidal volume variations over time. Deriving additional parameters to quantify respira-
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tion quality may offer new avenues for assessing respiratory health and detecting abnormal
breathing patterns in various driving conditions.

5. Conclusions
This study successfully validates the feasibility of using a pressure-based occupant

classification sensor for driver respiration monitoring in a moving vehicle. By address-
ing challenges such as road-induced vibrations, steering inputs, and body movements,
the findings confirm that reliable respiration rate estimation with unobtrusive sensors is
possible outside controlled environments. This validation is an important step toward
integrating non-intrusive physiological monitoring into vehicles, with implications for
driver safety, emergency response, and broader health monitoring applications. Future
work can further enhance accuracy and robustness through advanced signal processing
techniques, expanding the system’s potential for real-world deployment.

6. Patents
The work presented in this study is based upon and contributes to the ongoing

development of U.S. Provisional Patent No. 63/697,128, titled “Seat Sensor-Based Real-Time
Respiration Monitoring”, filed on 20 September 2024. The listed inventors are Sparsh Jain,
Jacob Valente, and Miguel Perez.
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m.p.h. Miles per hour
NSTSCE National Surface Transportation Safety Center for Excellence
OCM Occupant Classification Module
OEM Original equipment manufacturer
RPC Reproducibility Coefficient
SD Standard deviation
U.S. United States
USB Universal Serial Bus
VT Virginia Tech
XDF Extensible Data Format

References
1. Chu, Y.; Liu, P. Human Factor Risks in Driving Automation Crashes. In HCI in Mobility, Transport, and Automotive Systems;

Springer Nature: Cham, Switzerland, 2023; pp. 3–12. [CrossRef]
2. Johns, M.; Strack, G.; Ju, W. Driver Assistance after Handover of Control from Automation. In Proceedings of the 2018 21st

International Conference on Intelligent Transportation Systems (ITSC), Maui, HI, USA, 4–7 November 2018; pp. 2104–2110.
[CrossRef]

3. Lu, Y.; Marschner, C.; Eisenmann, L.; Sauer, S. The new generation of the BMW child seat and occupant detection system SBE 2.
Int. J. Automot. Technol. 2002, 3, 53–56.

4. Yang, G.; Ridgeway, C.; Miller, A.; Sarkar, A. Comprehensive Assessment of Artificial Intelligence Tools for Driver Monitoring
and Analyzing Safety Critical Events in Vehicles. Sensors 2024, 24, 2478. [CrossRef]

5. Yancey, C.C.; O’Rourke, M.C. Emergency Department Triage; StatPearls Publishing: Treasure Island, FL, USA, 2020.
6. Gebhart, M.E.; Pence, R. START Triage: Does It Work? Disaster Manag. Response 2007, 5, 68–73. [CrossRef]
7. Bhalla, M.C.; Frey, J.; Rider, C.; Nord, M.; Hegerhorst, M. Simple Triage Algorithm and Rapid Treatment and Sort, Assess,

Lifesaving, Interventions, Treatment, and Transportation mass casualty triage methods for sensitivity, specificity, and predictive
values. Am. J. Emerg. Med. 2015, 33, 1687–1691. [CrossRef]

8. Dean, M.E.; Gabauer, D.J.; Riexinger, L.E.; Gabler, H.C. Comparison of Vehicle-Based Crash Severity Metrics for Predicting
Occupant Injury in Real-World Oblique Crashes. Transp. Res. Rec. 2023, 2677, 505–518. [CrossRef]

9. Brown, T.; Schmitt, R.; Milavetz, G.; Gaffney, G.; Brooks-Russell, A.; Berka, C. Cannabis use and reported effects on driving
among adults in Iowa. Traffic Inj. Prev. 2021, 22, S187–S189. [CrossRef]

10. Dingus, T.A.; Klauer, S.G.; Neale, V.L.; Petersen, A.; Lee, S.E.; Sudweeks, J.; Perez, M.A.; Hankey, J.; Ramsey, D.; Gupta, S.
The 100-Car Naturalistic Driving Study, Phase II—Results of the 100-Car Field Experiment; Technical Report; U. S. Department of
Transportation, National Highway Traffic Safety Administration: Washington, DC, USA, 2006.

11. Papakis, I.; Sarkar, A.; Svetovidov, A.; Hickman, J.S.; Abbott, A.L. Convolutional Neural Network-Based In-Vehicle Occupant
Detection and Classification Method using Second Strategic Highway Research Program Cabin Images. Transp. Res. Rec. 2021,
2675, 443–457. [CrossRef]

12. Sarkar, A.; Jain, S.; Sudweeks, J.; Perez, M. 2 Driver Attention Modeling Through Evidence Accumulation and Gaze Fixation. In
Towards Human-Vehicle Harmonization; Abut, H., Schmidt, G., Takeda, K., Lambert, J., Hansen, J.H.L., Eds.; De Gruyter: Berlin,
Germany; Boston, MA, USA, 2023; pp. 13–28. [CrossRef]

13. Mabry, J.E.; Camden, M.; Miller, A.; Sarkar, A.; Manke, A.; Ridgeway, C.; Iridiastadi, H.; Crowder, T.; Islam, M.; Soccolich, S.;
et al. Unravelling the Complexity of Irregular Shiftwork, Fatigue and Sleep Health for Commercial Drivers and the Associated
Implications for Roadway Safety. Int. J. Environ. Res. Public Health 2022, 19, 14780. [CrossRef]

14. Phillips, R.O.; Kecklund, G.; Anund, A.; Sallinen, M. Fatigue in transport: A review of exposure, risks, checks and controls.
Transp. Rev. 2017, 37, 742–766. [CrossRef]

http://doi.org/10.1007/978-3-031-35678-0_1
http://dx.doi.org/10.1109/ITSC.2018.8569499
http://dx.doi.org/10.3390/s24082478
http://dx.doi.org/10.1016/j.dmr.2007.05.002
http://dx.doi.org/10.1016/j.ajem.2015.08.021
http://dx.doi.org/10.1177/03611981221107640
http://dx.doi.org/10.1080/15389588.2021.1983382
http://dx.doi.org/10.1177/0361198121998698
http://dx.doi.org/10.1515/9783110981223-002
http://dx.doi.org/10.3390/ijerph192214780
http://dx.doi.org/10.1080/01441647.2017.1349844


Sensors 2025, 25, 2739 15 of 16

15. AL-Khalidi, F.Q.; Saatchi, R.; Burke, D.; Elphick, H. Facial tracking method for noncontact respiration rate monitoring. In
Proceedings of the 2010 7th International Symposium on Communication Systems, Networks & Digital Signal Processing
(CSNDSP 2010), Newcastle upon Tyne, UK, 21–23 July 2010; pp. 751–754. [CrossRef]

16. Xue, M.; Haibin, L. Robust Visual Tracking and Vehicle Classification via Sparse Representation. IEEE Trans. Pattern Anal. Mach.
Intell. 2011, 33, 2259–2272. [CrossRef]

17. Barbosa Pereira, C.; Yu, X.; Czaplik, M.; Blazek, V.; Venema, B.; Leonhardt, S. Estimation of breathing rate in thermal imaging
videos: A pilot study on healthy human subjects. J. Clin. Monit. Comput. 2017, 31, 1241–1254. [CrossRef]

18. Valente, J.T.; Jain, S.; Amin, A.; Perez, M.A. Evaluation of the effectiveness of non-contact respiration rate detection for post-crash
care application. Accid. Anal. Prev. 2023, 193, 107302. [CrossRef]

19. Sato, I.; Nakajima, M. Non-contact Breath Motion Monitor ing System in Full Automation. In Proceedings of the 2005 IEEE
Engineering in Medicine and Biology 27th Annual Conference, Shanghai, China, 17–18 January 2006; pp. 3448–3451. [CrossRef]

20. Wu, H.Y.; Rubinstein, M.; Shih, E.; Guttag, J.; Durand, F.; Freeman, W. Eulerian video magnification for revealing subtle changes
in the world. ACM Trans. Graph. 2012, 31, 65. [CrossRef]

21. Hu, M.H.; Zhai, G.T.; Li, D.; Fan, Y.Z.; Chen, X.H.; Yang, X.K. Synergetic use of thermal and visible imaging techniques for
contactless and unobtrusive breathing measurement. J. Biomed. Opt. 2017, 22, 036006. [CrossRef]

22. Massaroni, C.; Lopes, D.S.; Lo Presti, D.; Schena, E.; Silvestri, S. Contactless Monitoring of Breathing Patterns and Respiratory
Rate at the Pit of the Neck: A Single Camera Approach. J. Sens. 2018, 2018, 4567213. [CrossRef]

23. Gao, X.; Singh, A.; Yavari, E.; Lubecke, V.; Boric-Lubecke, O. Non-contact displacement estimation using Doppler radar. In
Proceedings of the 2012 Annual International Conference of the IEEE Engineering in Medicine and Biology Society, San Diego,
CA, USA, 28 August–1 September 2012; pp. 1602–1605. [CrossRef]

24. Li, C.; Yu, X.; Li, D.; Ran, L.; Lin, J. Software configurable 5.8 GHz radar sensor receiver chip in 0.13 µm CMOS for non-contact
vital sign detection. In Proceedings of the 2009 IEEE Radio Frequency Integrated Circuits Symposium, Boston, MA, USA, 7–9
June 2009; pp. 97–100. [CrossRef]

25. Scalise, L.; Marchionni, P.; Ercoli, I.; Longo, L. Non-contact Laser-based Human Respiration Rate Measurement. AIP Conf. Proc.
2011, 1364, 149–155. [CrossRef]

26. Scalise, L.; Ercoli, I.; Marchionni, P.; Tomasini, E.P. Measurement of respiration rate in preterm infants by laser Doppler vibrometry.
In Proceedings of the 2011 IEEE International Symposium on Medical Measurements and Applications, Bari, Italy, 30–31 May
2011. [CrossRef]

27. Heldt, G.P.; Ward, R.J. Evaluation of Ultrasound-Based Sensor to Monitor Respiratory and Nonrespiratory Movement and Timing
in Infants. IEEE Trans. Biomed. Eng. 2016, 63, 619–629. [CrossRef]

28. Yu, S.H.; Horng, T.S. Highly Linear Phase-Canceling Self-Injection-Locked Ultrasonic Radar for Non-Contact Monitoring of
Respiration and Heartbeat. IEEE Trans. Biomed. Circuits Syst. 2020, 14, 75–90. [CrossRef]

29. Se Dong, M.; Jin Kwon, K.; Hang Sik, S.; Yong Hyeon, Y.; Chung Keun, L.; Myoungho, L. Noncontact Respiration Rate
Measurement System Using an Ultrasonic Proximity Sensor. IEEE Sens. J. 2010, 10, 1732–1739. [CrossRef]

30. Arlotto, P.; Grimaldi, M.; Naeck, R.; Ginoux, J.M. An Ultrasonic Contactless Sensor for Breathing Monitoring. Sensors 2014,
14, 15371–15386. [CrossRef]

31. Park, S.W.; Das, P.S.; Chhetry, A.; Park, J.Y. A Flexible Capacitive Pressure Sensor for Wearable Respiration Monitoring System.
IEEE Sens. J. 2017, 17, 6558–6564. [CrossRef]

32. Lin, C.L.; Sun, Z.T.; Chen, Y.Y. Air-mattress system for ballistocardiogram-based heart rate and breathing rate estimation. Heliyon
2023, 9, e12717. [CrossRef]

33. Farmer, M.; Jain, A. Occupant classification system for automotive airbag suppression. In Proceedings of the 2003 IEEE Computer
Society Conference on Computer Vision and Pattern Recognition, 2003. Proceedings, Madison, WI, USA, 18–20 June 2003;
Volume 1, p. I. [CrossRef]

34. Wusk, G.; Gabler, H. Non-Invasive Detection of Respiration and Heart Rate with a Vehicle Seat Sensor. Sensors 2018, 18, 1463.
[CrossRef]

35. Radomski, A.; Teichmann, D. On-Road Evaluation of Unobtrusive In-Car Respiration Monitoring. Sensors 2024, 24, 4500.
[CrossRef]

36. LabStreamingLayer, Version 1.16; Swartz Center for Computational Neuroscience (SCCN), University of California San Diego: La
Jolla, CA, USA, 2014.

37. App-WearableSensing: LabStreamingLayer Interface for Wearable Sensing Devices, Version 1.0; Swartz Center for Computational
Neuroscience (SCCN), University of California San Diego: La Jolla, CA, USA, 2024.

38. A LabJack Plugin for LabStreamingLayer, Version 1.0; Independent Developer: USA, 2024.
39. MATLAB, Version 9.14.0 (R2023a); MathWorks: Natick, MA, USA, 2023.

http://dx.doi.org/10.1109/CSNDSP16145.2010.5580320
http://dx.doi.org/10.1109/tpami.2011.66
http://dx.doi.org/10.1007/s10877-016-9949-y
http://dx.doi.org/10.1016/j.aap.2023.107302
http://dx.doi.org/10.1109/IEMBS.2005.1617220
http://dx.doi.org/10.1145/2185520.2185561
http://dx.doi.org/10.1117/1.JBO.22.3.036006
http://dx.doi.org/10.1155/2018/4567213
http://dx.doi.org/10.1109/EMBC.2012.6346251
http://dx.doi.org/10.1109/RFIC.2009.5135498
http://dx.doi.org/10.1063/1.3626924
http://dx.doi.org/10.1109/memea.2011.5966740
http://dx.doi.org/10.1109/TBME.2015.2466633
http://dx.doi.org/10.1109/TBCAS.2019.2958598
http://dx.doi.org/10.1109/JSEN.2010.2044239
http://dx.doi.org/10.3390/s140815371
http://dx.doi.org/10.1109/JSEN.2017.2749233
http://dx.doi.org/10.1016/j.heliyon.2022.e12717
http://dx.doi.org/10.1109/CVPR.2003.1211429
http://dx.doi.org/10.3390/s18051463
http://dx.doi.org/10.3390/s24144500


Sensors 2025, 25, 2739 16 of 16

40. Agrawal, N.; Kumar, A.; Bajaj, V.; Singh, G.K. Design of digital IIR filter: A research survey. Appl. Acoust. 2021, 172, 107669.
[CrossRef]

41. Giavarina, D. Understanding bland altman analysis. Biochem. Medica 2015, 25, 141–151. [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.

http://dx.doi.org/10.1016/j.apacoust.2020.107669
http://dx.doi.org/10.11613/BM.2015.015

	Introduction
	Materials and Methods
	Experimental Setup
	Signal Processing
	Data Analysis

	Results
	Time-Domain Results
	Statistical Results
	Additional Results

	Discussion
	Conclusions
	Patents
	References

