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EXECUTIVE SUMMARY

As advanced driver assistance systems and automated vehicle technologies evolve, the ability to
monitor and assess driver readiness remains critical. In support of that need, this report describes
several efforts to evaluate the feasibility and reliability of capturing physiological signals during
real-world driving. The goal was to examine whether signals from respiration, cardiac activity,
and brain function, captured via wearable and non-contact sensors, could complement existing
driver monitoring methods and provide useful input for future in-vehicle systems.

A review of the literature supporting respiration, cardiac, and brain activity as relevant domains
for driver state monitoring was the initial step in this process. These physiological channels are
discussed as potentially useful complements to traditional measures like eye behavior, especially
given their links to autonomic and cognitive changes under various degraded states.

The literature review was complemented by a technology scan of commercial and research-grade
devices capable of measuring these signals in mobile contexts. A structured protocol for
exercising an initial subset of these systems during impaired driving in a closed-course
environment was also developed. This protocol was then executed in a pilot test with five
participants, who completed standardized baseline and post-alcohol drives while instrumented
with electrocardiogram (ECG), respiration, and electroencephalography (EEG) sensors in
addition to sensors capturing driving performance and glance behavior.

In this pilot study, alcohol was used as a convenient physiological stressor given its well-
understood dosage effects on driving and physiology. Results indicated that alcohol consumption
consistently altered some behavioral physiological signals across all three domains.
Physiological responses were more robust and consistent than the observable driving metrics,
potentially highlighting the complementary value of these signals. The small sample size,
however, resulted in a lack of power to detect statistical significance between sober and impaired
driving for most metrics. Respiration and ECG signals were captured with high reliability, while
EEG results provided informative patterns but suffered from variable signal quality and motion
artifacts. These findings support the initial viability of cardiac and respiratory sensing in mobile
in-vehicle settings and highlight practical limitations that must be addressed for EEG.

Altogether, the effort demonstrates that it is technically feasible to capture and interpret
physiological signals in a real-world driving context using wearable and embedded sensors.
While further validation is needed, the results provide a foundation for integrating such signals
into future driver state monitoring systems, not as standalone indicators, but as part of a
multimodal approach that reflects the complexity of driver physiology and behavior.
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CHAPTER 1. INTRODUCTION

The ability to monitor a driver’s state while operating a motor vehicle is important in today’s
world of rapidly evolving technology and policy for a few different reasons. First, driving
technologies are getting more advanced by the day, with newer vehicles offering technologies
(called advanced driver assistance systems, or ADAS) to increase convenience and reduce
crashes (Dean & Riexinger, 2022; Riexinger et al., 2019b; Terranova et al., 2022). While ADAS
can enhance safety and reduce workload when used appropriately, crashes may occur due to
driver misuse or over-reliance on these systems (Chu & Liu, 2023; Dean et al., 2023; Dean &
Riexinger, 2022; Terranova & Perez, 2023). Therefore, it is essential for ADAS to evaluate
whether the driver is alert and capable of resuming control, when necessary, especially during
transitions from automation to manual driving (Johns et al., 2018). Misuse can include driving
while being distracted, drowsy, fatigued, or intoxicated, which are also concerning behaviors
across non-ADAS equipped motor vehicles (Sarkar et al., 2023).

Second, monitoring the driver for signs of impairment caused by recreational substances and
medications has become crucial. There has been an increase in cases of driving while under the
influence of alcohol and drugs in recent years (Brown et al., 2021; Dutra et al., 2022; Yurasek et
al., 2017). In 2021 alone, 31% of all traffic fatalities were related to alcohol-impaired driving.
Simultaneously, with 48 states legalizing or decriminalizing cannabis use in the U.S., driving
under the influence of cannabis has also increased (Farmer et al., 2022; FBI, 2020; Monfort,
2018). To address concerns related to alcohol- and drug-impaired driving, the Infrastructure
Investment and Jobs Act, signed into law in November 2021, directed the National Highway
Traffic Safety Administration (NHTSA) to establish a Federal Motor Vehicle Safety Standard
that requires automakers to equip all new passenger vehicles with “advanced drunk and impaired
driving prevention technology” (DeFazio, 2021). The related Joint Explanatory Statement
accompanying the Consolidated Appropriations Act of 2023 directed NHTSA to further
prioritize research on tools that could reduce “distracted and impaired driving” (DeFazio, 2021).
This creates an additional need to add driver monitoring capabilities inside the vehicle.

Existing studies that explore driver monitoring commonly rely on a range of observable and
measurable physiological cues, including eye behavior (e.g., eye blinks, percentage of eye
closure, gaze direction), cardiac activity, respiration, and brain signals. Among these, eye-based
measures have served as the gold standard, forming the backbone of many current in-vehicle
driver state monitoring systems due to their strong links with fatigue, drowsiness, attention, and
impairment (Lohani et al., 2019). Commercial implementations have already begun
incorporating real-time eye tracking to flag inattention or fatigue (Hayley et al., 2021).

However, while eye behavior remains a foundational indicator of impairment, it may not reliably
serve as an early warning. By the time eye glance behavior can flag a potential problem, the
opportunity for preventive intervention may have already passed. In contrast, other physiological
domains such as respiration, cardiac activity, and brain function offer not only complementary
insights but also the potential for earlier detection (Hayley et al., 2021). Experimental studies
have demonstrated measurable effects of alcohol and cannabis on these physiological domains,
including changes in respiration rate and variability, heart rate metrics, and
electroencephalography (EEG) patterns, all reflecting shifts in autonomic and cognitive function.
Importantly, like eye behavior, these signals can be captured passively and continuously using



wearable or embedded sensors, supporting their integration into real-world vehicle environments
and offering the potential of more proactive safety interventions (Hayley et al., 2021).

To take an initial step at addressing the use of broad physiological domain metrics in the
detection of driver impairment, this investigation focused on three primary activities. First,
Chapter 2 provides a literature review focused on respiration, cardiac activity, and brain activity
as complementary physiological domains that, when combined with established measures like
eye behavior, could strengthen the reliability and scope of future driver state monitoring systems.
The review emphasizes evidence linking each signal to impairment and explores technologies
capable of capturing these metrics in naturalistic settings.

Second, Chapter 3 summarizes a review of available commercial devices for measuring
physiological signals and lays out protocols for a test-track study focused on alcohol-impaired
driving, including in-vehicle collection of vital signs.

Third, Chapter 4 exercises the protocol developed and presents an alcohol impairment pilot study
(“Big Brain”) conducted on a closed-course test track (the Virginia Smart Roads) using a real
vehicle. This chapter details the experimental design, data collection procedures, and sensor
performance, with particular emphasis on how alcohol impairment affects physiological
responses and driving behavior. The results provide critical validation of the non-contact
monitoring technologies introduced in Chapter 2 and Chapter 3 and evaluate their applicability in
real-world driving scenarios.



CHAPTER 2. LITERATURE REVIEW: IN-VEHICLE MONITORING OF DRIVER STATES
DRIVER STATES
Drug-impaired Driving

Impaired driving remains a leading cause of preventable injuries and deaths on U.S. roadways
(Romano et al., 2018; Yurasek et al., 2017). Alcohol-impaired driving has long been the primary
focus of enforcement and public health efforts for several important reasons (Chait & Perry,
1994; Downey et al., 2013; Fares, Wright, et al., 2022; Lacey et al., 2009; Liguori et al., 2002;
Lukas & Orozco, 2001; Peck et al., 1986). It remains associated with a substantial share of crash
fatalities, and its impairing effects on driving performance are well established (Gongalves et al.,
2022; Thomas et al., 2022). Decades of research have shaped legal thresholds, roadside test
protocols, and public education campaigns aimed at reducing alcohol-related crashes (Dingus,
1985; Dingus et al., 1987). Yet despite this progress, alcohol-impaired driving persists due to
gaps in detection, prevention, and behavioral compliance (Gongalves et al., 2022).

At the same time, the impaired driving landscape is evolving rapidly. Cannabis use, both alone
and in combination with alcohol, has become increasingly common and has introduced new
challenges for traffic safety (Yurasek et al., 2017). National roadside surveys and trauma center
data shows that cannabis is now the most frequently detected non-alcohol substance among
impaired drivers (Thomas et al., 2022; Wood & Dupont, 2020). Unlike alcohol, cannabis lacks a
consistent dose-response pattern or universally accepted impairment threshold (Veldstra et al.,
2015). Detection is more complicated, legal frameworks are less developed, and co-use with
alcohol is both common and especially impairing (Compton & Berning, 2009; Jain, 2025).

Alcohol-impaired Driving

Driving under the influence (DUI) of alcohol remains a major contributor to U.S. traffic
fatalities. In 2022, 32% (13,524 deaths) of all traffic-related fatalities were alcohol-related
(French & Gerona, 2025). This represents an average of one death every 39 minutes and reflects
only part of the broader burden posed by alcohol-impaired driving, which also includes
thousands of non-fatal injuries, property damage crashes, and near-crashes (Barry et al., 2022;
Terranova et al., 2025). Despite long-standing public awareness campaigns and decades of
enforcement, alcohol-impaired driving persists across demographics and regions. Data from the
Centers for Disease Control and Prevention (CDC) indicate that approximately one million
individuals are arrested each year for DUI alcohol and/or other potentially impairing drugs (FBI,
2020) However, self-reported surveys consistently show that actual rates of impaired driving are
much higher (Han et al., 2009). For instance, the CDC’s Behavioral Risk Factor Surveillance
System has found that an estimated 1.27% of all adult drivers report driving after drinking
excessively at least once within the preceding 30 days, a figure that far exceeds formal
enforcement records (Barry et al., 2022). Drivers with high blood alcohol concentration (BAC)
levels remain a particular concern. Data from NHTSA indicates that about half of all alcohol-
related fatal crashes involve drivers with BACs of 0.15% or higher, which is nearly twice the
legal limit in all but one state (Thomas, 2022; National Highway Traffic Safety Administration,
2016). Repeat offenders and individuals who engage in binge drinking are overrepresented in



crash statistics, underscoring the need for both systemic deterrence and targeted interventions
(Thomas, 2022).

While alcohol-impaired traffic fatalities declined for several years, recent data suggests that
progress has stalled, with fluctuations and concerning increases in some periods (Insurance
Institute for Highway, 2024). These patterns highlight the continued need for updated
enforcement tools, behavioral strategies, and policies that address both acute impairment and
broader cultural attitudes toward DUI.

BAC is the primary legal and physiological marker used to define alcohol impairment in drivers.
Forty-nine U.S. states and the District of Columbia (Washington, D.C.) have established 0.08%
as the per se legal limit for non-commercial drivers (National Highway Traffic Safety
Administration, 2024). Utah is the only state that has adopted a stricter standard, lowering its
legal limit to 0.05% in 2018 (Insurance Institute for Highway, 2024). For commercial drivers, the
limit is typically 0.04%, and for individuals under the age of 21, zero-tolerance laws often set
thresholds at 0.02% or lower.

Enforcement of alcohol-impaired driving laws typically relies on roadside sobriety checkpoints,
field sobriety tests, and breath alcohol testing using portable or station-based breathalyzers .
These methods are effective in identifying impairment, particularly during high-visibility
enforcement campaigns. However, they are inherently reactive, as they depend on direct law
enforcement encounters, often after a driving violation or crash has already occurred (Fell et al.,
2014). Therefore, they do not prevent impaired driving from occurring in the first place
(Stringer, 2019).

Recent policy efforts have focused on proactive detection and prevention of alcohol-impaired
driving. A prominent initiative in this area is the Driver Alcohol Detection System for Safety, a
public-private partnership developing unobtrusive breath- and touch-based sensors for real-time
BAC monitoring (Zaouk et al., 2015). In parallel, ignition interlock devices remain in use as a
court-mandated intervention for repeat DUI offenders. These systems require a breath sample
below a preset threshold before allowing the vehicle engine to start and are often configured to
require rolling retests during driving (Willis et al., 2004).

Public health campaigns have also played a central role in shaping behavior and reducing
alcohol-related crashes. Initiatives such as “Drive Sober or Get Pulled Over” have helped to raise
awareness, reinforce enforcement visibility, and shift cultural norms around DUI (National
Highway Traffic Safety Administration, 2024). However, reductions in impaired driving have
plateaued in recent years, and new strategies are needed to reach harder-to-influence populations
and prevent recidivism (Insurance Institute for Highway, 2024). Beyond passive detection and
interlocks, emerging interventions include mobile apps that estimate BAC and promote ride-
hailing, expanded roadside use of oral fluid screening devices, and pilot programs that combine
physiological monitoring with behavioral feedback (Wilson et al., 2016). Each of these tools
contributes to a broader, multifaceted approach that integrates enforcement, education, and
technology.

Moving forward, sustained investment in prevention technologies, public outreach, and
regulatory enforcement will be critical to combat alcohol-impaired driving. Ensuring these



interventions are effective, scalable, and accepted by the public will enable their long-term
success in reducing alcohol-impaired driving and its consequences (Bedwell et al., 2025; Jain,
2025Db).

Cannabis-impaired Driving

Cannabis is now the most widely used illicit drug worldwide and second only to alcohol in
overall recreational drug prevalence (Hartman & Huestis, 2013; Wickens et al., 2022; World
Health Organization, 2020). In the United States, the legal landscape surrounding cannabis has
shifted dramatically. As of February 2025, 48 U.S. states have legalized cannabis to varying
extents, permitting medical use, recreational use, or both (Gongalves et al., 2022; National
Conference of State Legislatures, 2024). This rapid expansion of legal access has outpaced the
development of evidence-based traffic safety policies, enforcement strategies, and detection tools
tailored towards driving under the influence of cannabis (DUIC) (Compton, 2017; McCartney et
al., 2022; Mead, 2019; Preuss et al., 2021; Stanton et al., 2022).

DUIC is an emerging public health and traffic safety concern. Cannabis can impair cognitive and
motor functions critical for safe driving, including attention, memory, decision-making, and
coordination (Dingus, 1985; Dingus et al., 1987; Gongalves et al., 2022). Yet, unlike alcohol,
where decades of research have established BAC as a reliable indicator of impairment, cannabis
lacks a standardized metric. Studies vary widely in how they define and measure cannabis-
related impairment, and many overlook key moderating factors such as dosage, timing, tolerance,
and route of administration (Compton, 2017). These inconsistencies make it difficult to establish
meaningful thresholds for enforcement or to interpret drug presence in biological samples as
evidence of functional impairment.

Drivers who use cannabis often underestimate the associated risks, especially compared to
alcohol (Hartley et al., 2019; Marcotte et al., 2022). Surveys indicate that many users believe that
consuming cannabis has little to no impact on their driving ability, particularly when compared
to consuming alcohol (Brown et al., 2021; Moncaleano & Brands, 2019). This misperception is
more common among frequent users, who may feel that they can compensate for impairment
through slower speeds or more cautious behavior. A 2025 American Automobile Association
(AAA) survey found that many cannabis users underestimate the risks of driving while high,
with a significant portion believing their driving ability is unaffected and that they are unlikely to
be stopped by police (Hill et al., 2025). Despite growing public concern, perceptions of
enforcement and impairment remain low among regular users, highlighting a critical gap in
awareness and deterrence (Brown et al., 2021; Moncaleano & Brands, 2019).

Simulator studies further support the idea that frequent cannabis users feel more confident in
their ability to drive post-use (Banerjee et al., 2023; Bergeron & Paquette, 2014; Micallef et al.,
2018; Miller et al., 2024; Tank et al., 2019; Veldstra et al., 2015). In one recent study, regular
users reported higher readiness to drive and showed smaller degradation in standard deviation of
lane position (SDLP) and speed control compared to occasional users (Marcotte et al., 2022).
However, these self-perceptions do not always align with actual safety outcomes, and
compensatory behaviors may fail in complex or dynamic driving situations (Miller et al., 2024;
Miller et al., 2022). Youth and young adult drivers are especially prone to risk minimization. In
the U.S., national survey data shows a decreasing perception of cannabis-related driving risks



among youth over the past decade. Cultural normalization of cannabis likely contributes to this
trend (Zaouk et al., 2015)

Additionally, the decision-making process around DUIC appears to follow a time-dependent
pattern. In one study, most participants reported a reluctance to drive 30 minutes after smoking
cannabis, but many felt ready at 90 minutes despite persistent impairments in driving
performance (Marcotte et al., 2022). This mismatch between perceived and actual readiness to
drive raises concerns about self-regulation and the need for better public education. Importantly,
drivers who have previously engaged in DUIC are more likely to do so again, often expressing
confidence in their ability to mitigate impairment through self-control strategies (Hill et al.,
2025; Johnson et al., 2025). These behaviors suggest that policy alone may not be sufficient.
Effective intervention may require both behavioral education and clear, credible information
about actual impairment risk associated with cannabis (Jain, 2025).

Driver Distraction

Driver distraction assumes a crucial role in the occurrence of crashes, as evidenced by the 100-
Car Naturalistic Driving Study, where approximately 78% of total crashes and near-crashes were
linked to driver distraction (Dingus et al., 2006). The concept of distraction can be broadly
divided into visual distraction, involving the diversion of the driver’s gaze from the road (Sarkar
et al., 2023), and cognitive distraction, characterized by the diversion of the driver’s mental focus
from the road (Victor, 2005). While extensive research has delved into visual and physical
distractions, cognitive distraction, encompassing phenomena such as mind wandering and
daydreaming, has garnered less attention due to the intricacies associated with detecting and
measuring the driver’s mental state (Sonth et al., 2023). More specifically, detecting cognitive
distraction proves challenging, given that prevailing commercial products predominantly focus
on visual distraction (Regan et al., 2011). Nevertheless, recent studies have harnessed EEG to
delve into cognitive distraction, with an emphasis on alpha, beta, and theta brain waves
(Klimesch et al., 1998; Zawislak-Fornagiel et al., 2023).

Drowsiness

Drowsiness and driving constitute a hazardous combination that poses significant threats to road
safety. Numerous factors contribute to driver drowsiness, including sleep deprivation and poor
sleep quality (Ahlstrom et al., 2018), circadian rhythm disruptions (Mallis et al., 2007), extended
driving durations, irregular work hours (Folkard & Lombardi, 2006), and untreated sleep
disorders (Rosekind et al., 2010). Additionally, medications and substances affecting alertness
have been identified as potential catalysts for drowsy driving incidents (Gurubhagavatula et al.,
2017).

Research consistently links drowsy driving to an increased risk of crashes (Connor, 2002), with
studies estimating that fatigued drivers are involved in a substantial percentage of road crashes
(Powell & Chau, 2011). The severity of these crashes is often heightened due to delayed reaction
times and impaired cognitive functions (Micallef et al., 2018), underscoring the urgent need for
effective countermeasures.



Various methods have been employed to detect drowsiness in drivers, ranging from subjective
self-reporting tools to objective physiological measures. Advances in technology have facilitated
the development of in-vehicle monitoring systems that track driver behavior, eye movements,
and physiological indicators such as heart rate and brain activity (Schwarz et al., 2019). Machine
learning algorithms have also been applied to analyze these data streams, offering real-time
assessments of driver alertness (McDonald et al., 2018).

Despite progress in understanding and addressing drowsy driving, however, challenges persist.
The subjective nature of self-reporting and the variability in individual responses to drowsiness
pose obstacles for accurate detection (Jackson et al., 2016).

DRIVER PHYSIOLOGY
Respiration Rate
Overview

Respiration is a fundamental physiological process essential for sustaining life. Deviations from
normal breathing patterns can signal a wide range of conditions, including acute medical events,
elevated stress levels, and autonomic dysfunction (Soni & Muniyandi, 2019). Respiration rate
(RR), measured in breaths per minute (brpm), is the primary metric used to quantify breathing. It
is one of the four core vital signs, alongside pulse (closely related to heart rate), blood pressure,
and body temperature (Webster & Karan, 2020). Recent clinical findings suggest that RR may
outperform other vital signs, such as pulse and blood pressure, in distinguishing between stable
and at-risk patients (Vitazkova et al., 2024). In healthy adults, RR typically ranges from 12 to 18
brpm (Valente et al., 2023).

Beyond RR, several other parameters derived from respiration signals provide deeper insights
into physiological and cognitive states. These include respiration amplitude, RR variability,
symmetry between inspiration and expiration cycles, and respiration volume over time (RVT).
Modern machine learning approaches are increasingly leveraging over 50 derived respiration
features to detect nuanced changes in physiological states (Soni & Muniyandi, 2019). These
features are detailed in (Makowski, 2021; Makowski et al., 2021) and are applied throughout
Chapter 4.

Implications for Driver Monitoring

In the context of driving, fluctuations in respiration-related measures have been linked to
drowsiness, emotional states, and other behavioral indicators relevant to performance and safety
(Ahn et al., 2016; Ronen et al., 2008). For instance, drowsiness is typically marked by a shift
toward parasympathetic dominance, leading to slower and more regular breathing patterns
(Ogilvie, 2001; Shambroom et al., 2012). Multiple studies investigating drowsy driving have
consistently reported reductions in RR. Fatigue, on the other hand, is often associated with
irregular breathing, including increased RR variability and concurrent reductions in heart rate
variability, reflecting a complex autonomic response involving both sympathetic and
parasympathetic activity (Buchheit et al., 2004; Rahman et al., 2018).



Specific to impaired driving, several studies have demonstrated the complexity of changes in RR
associated with the use of alcohol, cannabis, and their combined effects. Cannabis use has been
linked to alterations in RR, showing variability across studies, with some reporting an increase
and others reporting no significant change (Fischer et al., 2013; Ronen et al., 2008). Certain
simulator-based driving studies have shown increased RR after acute cannabis use compared to
baseline rates (Brown et al., 2021). However, some other studies have reported slight decreases
in RR.

Alcohol consumption has also been shown to slightly alter RR, though the effects are dose-
dependent and context-specific. At low to moderate doses, alcohol rarely causes a reduction in
RR, but it sometimes reduces breathing variability—i.e., respiration waveforms become more
regular. Some studies have even reported slight stimulatory effects (i.e., slight elevation in RR)
at intoxication levels up to 0.05% BAC, possibly due to vasodilation and increased metabolic
demand (Johnstone & Witt, 1972). At higher doses, or when consumed rapidly, alcohol can
sometimes reduce RR and contribute to irregular or shallow breathing, which may compound the
risks associated with drowsiness or sedative conditions (Van De Borne et al., 1997).

The combination of alcohol and cannabis introduces additional complexity. Research suggests
that polysubstance use may result in synergistic respiratory effects, including either marked
irregularities in breathing pattern or greater suppression of RR compared to either substance
alone (Siemens, 1980; Smith & Kulp, 1976). This dual-impairment scenario is particularly
concerning in the driving context, as compromised respiration may parallel heightened
physiological impairment, cognitive decline, and slowed behavioral response, all factors that
collectively increase crash risk. However, findings on RR under combined use remain limited,
and additional studies are needed to clarify inter-individual variability, dose-response effects,
and the role of environmental or task demands in observed changes in RR.

Technology Considerations

Despite its physiological importance, respiration monitoring remains underutilized. Most clinical
and experimental systems rely on obtrusive methods, such as spirometry, pneumography,
plethysmography, and capnography, which are often invasive, inconvenient, and require
expensive equipment typically restricted to intensive care units, or indirect methods, such as
estimating respiration from cardiac activity, pulse waveforms, or oxygen saturation levels. A
recent study found that fewer than 1% of wearable devices available on the market include
continuous respiration monitoring, and even those often depend on indirect estimation techniques
(Vitazkova et al., 2024). In contrast, heart rate (HR) has historically received far more attention
and investment, especially in the context of real-time monitoring. Its widespread adoption in
both medical and consumer technology has led to greater sensor development, algorithm
refinement, and integration into large-scale platforms.

However, interest in direct RR monitoring is rapidly growing, driven by advancements in sensor
design, signal processing, and multimodal integration (Massaroni et al., 2019; Vitazkova et al.,
2024). Several novel systems, such as wearables, or systems embedded into environments or
vehicles, have been proposed or prototyped to address this gap (Jain, 2025; Jain & Perez, 2025).



Cardiac Activity
Overview

Cardiac activity, governed by the autonomic nervous system, reflects the dynamic interplay
between sympathetic and parasympathetic control (Task Force of the European Society of
Cardiology the North American Society of Pacing Electrophysiology, 1996). HR, measured in
beats per minute (bpm), is the most widely used and accessible metric of cardiac function, often
derived from the pulse. Resting HR for a healthy adult typically ranges between 60 and 100 bpm,
but fluctuates naturally based on metabolic demand, physical activity, posture, emotional
arousal, and other physiological states. While HR reflects the overall pacing of the heart,
additional metrics can provide deeper insight into autonomic modulation. A more nuanced and
sensitive measure is heart rate variability (HRV), which refers to the natural variation in the time
intervals between successive heartbeats (Shaffer & Ginsberg, 2017). These intervals, known as
R-R intervals, represent the time between two consecutive heartbeats as measured by the
electrocardiogram (ECG), a non-invasive test that records the electrical activity of the heart. The
term “R-R” comes from the labeling of the prominent peaks on an ECG waveform (the “R”
waves), and the R-R interval simply reflects the time gap between two of these peaks. This
variability in timing is not random but instead reflects how effectively the autonomic nervous
system is regulating the heart in response to internal and external demands (Shaffer & Ginsberg,
2017).

Unlike HR, which has become a standard health indicator due to its widespread availability and
ease of measurement, HRV captures the rhythmic modulation of heartbeats by the
parasympathetic (vagal) and sympathetic branches of the autonomic nervous system (i.e., more
detailed beat-to-beat modulation), and is increasingly valued in research, clinical, and
performance-monitoring applications. High HRV is generally associated with healthy autonomic
flexibility and a dominant parasympathetic tone, whereas low HRV indicates reduced variability,
often signaling increased sympathetic activity, stress, or compromised autonomic regulation
(Chen & Chen, 2017; Lohani et al., 2019; Sarkar et al., 2014; Shaffer & Ginsberg, 2017). Both
HR and HRYV are informative, and together they offer complementary perspectives on
cardiovascular and autonomic function. HR has seen broad adoption in wearable devices, fitness
trackers, and medical monitors due to its signal simplicity, sensor robustness, and utility across
various domains (Stangl & Riedl, 2022). The popularity of HR tracking has also driven the
development of sophisticated derived metrics such as heart rate recovery, maximum HR zones,
and stress indices based on HR trends.

HRYV is quantified using a range of time-domain, frequency-domain, and nonlinear metrics,
many of which are now incorporated into advanced wearable platforms and research systems
(Stangl & Riedl, 2022). A comprehensive list of these features is provided in Makowski (2021),
Makowski et al. (2021), and Pham et al. (2021) and further discussed in Chapter 4. Collectively,
these metrics allow for a granular and multidimensional understanding of cardiovascular
regulation.



Implications for Driver Monitoring

Changes in HR and HRV are well-established physiological markers of internal state and have
been widely studied in the context of drowsiness, fatigue, and substance-induced impairment
(Thapa & Sarkar, 2025). Drowsiness is typically associated with a shift toward parasympathetic
dominance, leading to a measurable reduction in HRV and often accompanied by a mild
decrease in HR (Ogilvie, 2001; Shambroom et al., 2012). These changes indicate lowered
arousal and alertness, which directly compromise driving performance. Fatigue presents more
variable cardiac patterns. Studies have reported increased HR and erratic fluctuations in HRV
during fatigued states, suggesting an unstable and inconsistent autonomic balance (Buchheit et
al., 2004; Rahman et al., 2018). Compared to the more stable reductions seen during drowsiness,
fatigue-related changes in HRV tend to be more irregular and less predictable.

Specific to alcohol- and drug-impaired driving, several studies have documented significant
cardiac changes associated with alcohol, cannabis, and polysubstance use. Acute cannabis
intoxication is commonly linked to an elevated HR, potentially due to cannabinoid-induced
vasodilation and compensatory sympathetic activation (Fischer et al., 2013; Ronen et al., 2008).
Simulator-based driving experiments have consistently shown increased HR following cannabis
use, with participants demonstrating elevated cardiac output relative to their baseline (Brown et
al., 2021). These physiological responses are often accompanied by behavioral impairment, such
as slower reaction times and impaired motor coordination. Elevated HR is one of the hallmark
acute observations—there is often a jump of ~20-30 bpm above baseline in the first 10-30
minutes after smoking or vaporizing tetrahydrocannabinol (THC), the primary psychoactive
compound found in cannabis (Richard et al., 2021). For example, a placebo-controlled study
noted that during the THC session, subjects’ heart rates were on average ~24—30 bpm higher
than in the sober session, particularly at rest (Richard et al., 2021). This tachycardic response
reflects THC’s activation of sympathetic output (and possibly direct peripheral vasodilation
causing reflex tachycardia).

Beyond HR, however, other cardiac markers such as ECG intervals and HRV have shown more
mixed results (Brands et al., 2019; Richard et al., 2021; Yurasek et al., 2017). In healthy adults,
acute cannabis use does not typically cause marked changes in ECG conduction intervals. No
consistent prolongation of the PR interval (which reflects atrial to ventricular conduction time),
the QRS complex duration (ventricular depolarization time), or the corrected QT interval (QTc,
which represents total ventricular electrical activity adjusted for heart rate) has been observed in
laboratory studies. Similarly, one controlled trial found no significant change in the HRV low-
frequency to high-frequency ratio during acute THC intoxication, suggesting that while HR
increases, autonomic balance may remain relatively stable, potentially due to concurrent
baroreflex engagement (Richard et al., 2021). It should be noted, however, that THC’s cardiac
effects can be risky for certain individuals, as case reports have linked cannabis use to
arrhythmias (such as atrial fibrillation) or even myocardial infarction in susceptible individuals.
A recent cardiovascular review study warned that using alcohol and cannabis together can
synergistically intensify cardiac side effects and there have even been reported instances of
sudden cardiac death when the two were co-ingested (Paulraj et al., 2024). In general, for a
healthy person, a single dose of cannabis acutely results in a faster heartbeat and increased
cardiac output for a short period, with minimal changes in ECG conduction intervals. These
effects on cardiac rhythm usually peak within 30 minutes to an hour post-consumption and
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gradually subside over a few hours as THC is metabolized (Mugnai et al., 2020; Pratap &
Korniyenko, 2012).

Alcohol produces a similar effect. Acute consumption increases HR due to direct cardiovascular
stimulation and reduced baroreflex sensitivity. The extent of this suppression is dose-dependent,
with larger doses yielding more pronounced HRV reductions and longer recovery times.
Controlled studies show significant tachycardia at peak alcohol levels (Brunner et al., 2021).
Correspondingly, HRV decreases after drinking, reflecting reduced vagal (parasympathetic) tone.
In one experiment, a moderate alcohol dose (producing ~0.05% breath alcohol) raised mean HR
and suppressed standard HRV measures (such as SDNN and RMSSD') relative to baseline
(Brunner et al., 2021; Ralevski et al., 2019). High-resolution ECG data also indicates
prolongation of ventricular conduction intervals (QRS duration) and slight QTc interval
prolongation at peak intoxication, although the atrioventricular conduction (PQ interval) may
remain unchanged. This pattern suggests acute sympathetic activation and vagal withdrawal, an
imbalance that can predispose the heart to arrhythmias (Brunner et al., 2021; Ralevski et al.,
2019). These changes may coincide with impaired judgment and slowed responses in driving
scenarios.

The combined use of cannabis and alcohol may introduce significant physiological strain,
particularly on the cardiovascular system. Preliminary research suggests that co-use results in
synergistic increases in HR and additive suppression of HRV, both of which reflect amplified
autonomic disruption (Tinklenberg et al., 1976). These changes indicate greater physiological
stress and impaired regulatory flexibility. In practice, impaired individuals under these
conditions often exhibit marked tachycardia (HR > 100 bpm), a level of cardiovascular activation
that frequently exceeds the effects of either substance alone. This heightened HR also increases
cardiac workload and oxygen demand. While alcohol can cause peripheral vasodilation and mild
hypotension, THC tends to raise both blood pressure and myocardial contractility. The
combination creates an unstable cardiovascular profile, increasing the likelihood of strain
(Brunner et al., 2021; Paulraj et al., 2024; Tinklenberg et al., 1976). The medical literature has
long warned that combining alcohol and cannabis amplifies each drug’s side effects. The risk of
arrhythmia or cardiac events rises, especially at high doses (Harding et al., 2022; Paulraj et al.,
2024). Rare but documented cases include sudden cardiac death following heavy cannabis and
alcohol use (Srikanth et al., 2022). These events, though uncommon, underscore the serious
cardiovascular stress imposed by cannabis and alcohol co-use.

Experimental studies in healthy adults have shown at least additive effects on HR and blood
pressure when both substances are administered together. One early study found that THC’s
tachycardic effect was not blunted by alcohol; instead, experienced cannabis users showed some
tolerance to alcohol’s subjective effects, but not to its physiological impact (Fares, Wickens, et
al., 2022; Schnakenberg Martin et al., 2023). Notably, neither drug offsets the other’s effect on
cardiac rhythm, which implies that the autonomic system may be more destabilized during co-
intoxication than with either substance alone (Liguori et al., 2002).

I RMSSD measures the short-term, beat-to-beat changes in heart rate. SDNN measures the overall heart rate variability over a longer period,
typically 24 hours.
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In summary, alcohol and THC together elevate heart rate, disrupt blood pressure regulation, and
magnify autonomic imbalance. This combination heightens the likelihood of palpitations or
arrhythmia, particularly in individuals with underlying susceptibility.

Technology Considerations

HR is a commonly measured cardiac signal due to its robustness, simplicity, and compatibility
with a wide range of sensors and wearable technologies. It is widely used in consumer devices,
health monitoring tools, and research platforms. HRV, while offering greater physiological
detail, generally requires higher signal quality and longer, artifact-free recordings for accurate
analysis. Most commercially available systems derive HR and HRV from photoplethysmography
(PPG) or blood volume pulse (BVP) sensors, which use light-based detection of blood flow
through the chest or arm rather than direct electrical activity of the heart. These methods are
more susceptible to motion artifacts, ambient light interference, and signal distortion during
dynamic tasks like driving (Georgiou et al., 2018; Stangl & Riedl, 2022). As a result, their
accuracy can vary considerably depending on sensor placement (i.e., variable delay between the
heartbeat and corresponding pulse waveform appearing at the site of measurement), signal
processing, and environmental conditions (Scardulla et al., 2020).

Several indirect methods have also been proposed, such as estimating HR through respiration
signals, oxygen saturation (SpO:), or facial skin temperature, but these approaches often trade
reliability for convenience (Barleanu et al.; Nakajima et al., 1996; Sarkar et al., 2014). Despite
these limitations, there are promising experimental systems already being tested in vehicle
environments. These include camera-based approaches using facial photoplethysmography and
steering wheel contact sensors capable of ECG or BVP signal acquisition. These technologies
show early potential for non-intrusive, in-vehicle cardiac monitoring.

In summary, a wide array of non-invasive sensing technologies has been explored for HR
detection, ranging from seat-integrated electrodes and pressure sensors to radar and video-based
systems. While each method presents unique advantages and limitations, ongoing advancements
in sensor design, signal processing, and artifact mitigation continue to enhance the feasibility of
real-time, unobtrusive heart monitoring in automotive environments.

Brain Activity
Overview

EEG provides a mechanism to monitor the electrical activity of the brain (Bailey, 2014; Jain,
2021). Understanding these signals can provide valuable insight into a driver’s state and
cognitive processes such as drowsiness, fatigue, distraction, substance use-related impairment,
and even emotional state (Almahasneh, Chooi, et al., 2014; Almahasneh, Kamel, et al., 2014;
Cao et al., 2019; Klimesch et al., 1998; Lal et al., 2003; Lin et al.; Perrier et al., 2016).

EEG activity is the result of communication between neurons, or nerve cells, which are the basic
building blocks of the nervous system. Neurons communicate with each other through
electrochemical signals. EEG captures this electrical activity through electrodes placed on the
scalp (non-invasive monitoring), or surgically implanted on the subdural surface and the deep
brain tissues (invasive monitoring) (Lepage et al., 2023).
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Non-invasive EEG methods detect the electrical fluctuations caused by the summed activity of
thousands or millions of neurons firing in synchrony. Unlike invasive EEG, these cannot
pinpoint the activity of individual or small groups of neurons but provide a macroscopic view of
brain activity occurring in localized regions of the brain (Jain, 2021). The rhythmic nature of
brain waves is often referred to as neural oscillations. These oscillations play a role in various
cognitive processes, such as attention, memory, and perception. Cognitive processes, emotional
states, and external stimuli can all modulate EEG activity (Almahasneh, Chooi et al., 2014).

Additionally, there are certain neural events called event-related potentials (ERPs) which are
incredibly useful for driving studies. ERPs are electrical brain responses triggered by specific
events, typically in response to sensory, cognitive, or motor stimuli. ERPs are characterized by
distinct positive and negative deflections in the EEG signal, known as components (Pokryszko-
Dragan et al., 2016). Each component is associated with different stages of information
processing. Common ERP components include the P300, N100, and N200. ERPs are elicited
through experimental paradigms designed to isolate and study specific cognitive processes. For
example, a researcher might use an oddball task, where a rare stimulus is presented among
frequent stimuli, to elicit the P300 component associated with attention and novelty detection.
Figure 1 shows an example of the N100, N200, and P300 waveforms on an EEG channel.
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Figure 1. Graph. Examples of ERPs.

Implications for Driver State Monitoring

EEG-based drowsiness detection studies commonly utilize brainwave activity monitoring,
especially changes in alpha and theta power, to capture subtle neurophysiological changes linked
to fatigue. For example, Lal et al. (2003) demonstrated a characteristic decrease in alpha power
and an increase in theta power as subjects entered drowsy states. ERPs have also been employed
to assess cognitive responses during drowsiness, with studies (Li et al., 2016; Taylor et al., 2013)
showing that ERPs can sensitively detect fatigue-related changes in information processing.
Laboratory studies consistently support EEG’s efficacy in identifying drowsiness markers.
Borghini et al. (2014) combined EEG with eye tracking and found that reduced alpha power
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alongside altered eye movement patterns was a strong indicator of cognitive fatigue. Khushaba et
al. (2013) further explored EEG’s temporal dynamics, identifying neural changes that precede
behavioral signs of fatigue. In real-world driving contexts, Zhang et al. (2019) used a multimodal
approach by integrating EEG with HRV and eye tracking to improve drowsiness detection
accuracy. Their results underscored the value of combining physiological signals for more robust
monitoring. Another study reported that the transition from alertness to fatigue was marked by
reduced theta (6.0 Hz) and beta (22.0 Hz) activity, alongside increased alpha activity (10.0 Hz)
in the left frontal region (Jing et al., 2020).

EEG studies consistently reveal changes in brain activity following cannabis use, particularly in
the alpha, beta, and theta frequency bands (Bourque & Potvin, 2021; Prashad et al., 2018). While
the magnitude and pattern of these effects vary across studies, most report reductions in theta and
alpha power, indicating potential disruptions in attention and cognitive processing (Fares,
Wickens, et al., 2022; Richard et al., 2021) (Bourque & Potvin, 2021; Prashad et al., 2018).
Some studies also note increased beta activity, suggesting that cannabis intoxication may reduce
slow-wave power while enhancing fast-wave activity (beta/gamma) (Richard et al., 2021). This
pattern reflects cortical activation or EEG desynchronization rather than sedation (Brown et al.,
2019). The effects are often dose-dependent, with higher doses producing more pronounced
alterations in EEG signals (Bdcker et al., 2010). These changes typically emerge within minutes
of consumption and can persist during the intoxication period (Desrosiers et al., 2015).
Additionally, cannabis appears to affect EEG responses in a task-specific manner, with certain
cognitive tasks showing greater sensitivity to cannabis-induced modulation (Bourque & Potvin,
2021).

In contrast, studies have reported mixed findings on EEG changes caused by alcohol impairment.
At low intoxicating doses, alcohol often slows the dominant alpha rhythm, lowering peak alpha
frequency by about 0.5 to 1 Hz, and increasing slow-alpha activity (§—10 Hz) (Rosadini et al.,
1974; Tran et al., 2004). Many studies also report an overall increase in alpha power during
intoxication, not just a shift in frequency (Rangaswamy & Porjesz, 2014). With moderate doses,
there is some evidence of increased theta power (4-8 Hz), particularly over frontal regions
within the first 30 minutes after drinking begins (Rangaswamy & Porjesz, 2014). Some studies
also report elevated theta activity in central and parietal areas. Changes in beta power (13-30 Hz)
are more variable across studies. While some report no change, others find increased beta
activity, especially in individuals with heavier drinking histories (Rangaswamy & Porjesz, 2014;
Tran et al., 2004). One study found significant increases in frontal theta, low-alpha, and slow
beta (13—-20 Hz) power within the first 30 to 60 minutes of alcohol consumption compared to a
placebo (Tran et al., 2004). Alcohol also reduces the amplitude and frequency of ERPs, with
effects becoming significant at BAC levels as low as 0.026% and increasing to moderate or large
magnitudes at 0.12% (Fairbairn et al., 2021).

Research on the combined effects of alcohol and cannabis is still developing, with at least two
clinical trials currently underway (Institute of Cannabis Research, 2023; University of Colorado,
2024). Notably, there is no evidence to suggest that these substances physiologically “cancel
each other out.” On the contrary, their combined use leads to additive impairment (Pava &
Woodward, 2012). Co-intoxication has been associated with greater drowsiness, slower reaction
times, and reduced executive function compared to either substance alone (Bedillion et al.,
2021). This aligns with the broader observation that simultaneous use of alcohol and cannabis
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disrupts normal EEG oscillatory activity and neural information processing to a greater extent
than single-substance impairment. If anything, individuals with a history of heavy cannabis use
may show blunted EEG responses to alcohol alone, potentially reflecting tolerance effects, but
this does not appear to mitigate the additive impact when both drugs are consumed together
(Pava & Woodward, 2012).

In the context of distraction, ERPs have been explored to unravel the cognitive processes related
to braking, specifically the temporal aspects of braking intention. In studies (Nguyen & Chung,
2019; Zhang et al., 2020), ERPs revealed specific components associated with different stages of
braking. Early components, such as the N200 and P300, were linked to decision-making and
attention, while later components, such as the readiness potential, indicated motor preparation.

Available Technologies

Unlike respiration and cardiac activity sensors, EEG presents significantly greater technical
challenges for in-vehicle use due to its high sensitivity to motion artifacts, electrical interference,
and the requirement for stable electrode contact. While HR and respiration can be measured
using relatively simple, robust sensors, EEG acquisition remains difficult to implement
unobtrusively in real-world driving environments (Giangrande et al., 2024; Puce & Hamaildinen,
2017). Even in controlled clinical or stationary research settings, EEG signal quality is often
compromised by external noise, the complexity of brain signals, and the inherently low
amplitude of scalp-recorded activity. These challenges are compounded by volume conduction,
which causes spatial smearing, and the attenuation of neural signals as they pass through the
cerebrospinal fluid, meninges, skull, and scalp, further reducing signal clarity and spatial
resolution (Jain, 2021). Despite these limitations, EEG technology is evolving rapidly, with a
growing number of lower-cost, consumer-grade systems entering the market. As this technology
advances, future applications may enable more reliable, unobtrusive EEG monitoring in vehicles
(Jain, 2025). In the next chapter, a review and evaluation of selected consumer and benchmark
EEG devices is presented to assess their capabilities and limitations in the context of mobile, in-
vehicle data collection.

CONCLUSIONS

While numerous studies have developed experimental systems for addressing certain gaps, no
single system exists which can seamlessly integrate all aspects of driver monitoring into the
vehicle cabin, especially for actual on-road driving applications (Chen & Chen, 2017; Coughlin
et al., 2011; Hayley et al., 2021; Kang, 2013; Lee et al., 2011). However, there is a wide range of
promising technologies that can be further investigated and adapted to tackle this challenge.

Based on these conclusions, the next two chapters focus on evaluating systems and developing
protocols that can leverage these markers to design efficient impairment detection systems, with
alcohol impairment serving as the test case for final implementation.
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CHAPTER 3. EVALUATING PHYSIOLOGICAL TECHNOLOGIES FOR REAL-WORLD
DRIVER MONITORING

This chapter translates the theoretical foundations established in Chapter 2 into applied work,
beginning with a comprehensive survey of commercially available devices capable of measuring
physiological signals relevant to alcohol-related driver impairment, namely respiration, cardiac
activity, and brain activity. From this review, a final set of systems is selected for
implementation in the Chapter 4 test track study, with an emphasis on reliability, integration
feasibility, and minimal intrusiveness.

SURVEY OF AVAILABLE DEVICES

A thorough market and literature review was conducted to identify suitable EEG and other
physiological monitoring devices that could be used for real-world driving applications. The goal
was to assess a representative set of commercially available systems capable of capturing high-
quality physiological data with minimal intrusiveness, reliable signal integrity, and feasibility of
use in an automotive context. Devices were evaluated based on:

Technical specifications and raw signal access
Independent validations in peer-reviewed studies
Vendor-supplied performance data and white papers
Consumer reviews and reliability reports

Hands-on use (when possible)

Some devices were purchased outright, others were loaned by vendors, and a few were assessed
solely based on documented performance, published evaluations, and market feedback. This
multi-pronged approach ensured a well-rounded and practical selection process grounded in both
scientific and logistical considerations.

EEG Devices

Several EEG systems were reviewed during the initial device survey phase, as shown in Table 1.
The broader goal of this effort was to evaluate the vast majority of devices feasible for use in
real-world driving environments, particularly focusing on wearability, signal quality, robustness
to movement, and raw data accessibility. However, EEG presented a unique challenge; the
current market offers very few EEG systems capable of delivering high-quality data without
compromising comfort or wearability during actual driving. As a result, while the original aim
was to identify devices suitable for real-world use, EEG was treated as a best-case scenario
exception, where the focus shifted to finding the most robust and technically reliable system,
even if it required concessions on intrusiveness.

16



Table 1. Initial catalog of EEG devices (K = x $1,000, # = hours).

Brand/Device

Cost (9) Specifications

Additional Remarks

Cortech Saga

BrainVision LiveAmp

Emotiv Epoc Flex 2

Emotiv MN8

Muse S

Muse 2

Wearable Sensing DSI 24

Bitbrain Ikon

BrainVision
ActiChamp

Cognionics

32 channels
4-KHz sampling rate
5-h battery life
Wet electrodes

35K

32 channels
1-KHz sampling rate
3-h battery life
Wet, dry, and gel electrodes

40K

32 channels
2-KHz sampling rate
6-h battery life
Gel electrodes

23K

400 2 channels (ear canal)

4 channels
256-Hz sampling rate
PPG-derived HR
Dry electrodes

320

4 channels
230 256-Hz sampling rate
Dry electrodes

24 channels
30K 300-Hz sampling rate
Dry electrodes

6 channels
256 Hz sampling rate
9-h battery life
Dry electrodes

3K

32 channels
33K 100-KHz sampling rate
16-h battery life

20 channels
500-Hz sampling rate
6-h battery life
Dry electrodes

20K
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Clinical grade

Clinical grade

Consumer grade

Consumer grade
earbuds

Consumer grade
meditation headbands

Clinical grade

Consumer grade
cloth headband

Clinical grade
FDA approved

Consumer grade



Brand/Device Cost ($) Specifications Additional Remarks

64 channels
g-tec 75K 2-KHz sampling rate Clinical grade
Wet electrodes

4 channels
BrainBit 300 250-Hz sampling rate Consumer grade
Mindo EEG 12-h battery life cloth headband
Dry electrodes

Device Evaluation and Final Selection

In parallel with the broader review of physiological monitoring technologies, a key objective was
to identify one or more devices suited for use in the experimental test track study described in
Chapter 4. Selection criteria were guided by several practical considerations: signal integrity was
the highest priority, followed by cost-effectiveness, data accessibility, vendor support, and
feasibility of deployment in a real-world, in-vehicle setting. Special emphasis was placed on
systems that required minimal setup time, provided adequate coverage for the physiological
signals of interest, and could be realistically used under the time constraints and logistical
limitations of field-based testing.

While multiple commercial EEG systems initially appeared promising, only a few aligned with
the specific goals and resources of this study. Cost and data access emerged as two primary
limiting factors. Systems with restrictive data access models or high subscription costs were
deprioritized, as were devices whose procurement timelines or pricing exceeded the project’s
budget. In some cases, device form factors or physical design presented integration challenges
when combined with other sensors in the multimodal sensing suite. Rather than attempting to
formally benchmark each system under controlled conditions, a process beyond the scope of this
phase, the evaluation focused on identifying a device that could deliver robust signal quality with
minimal complexity and high usability for a test-track setting.

The DSI-24 system ultimately met these criteria. It provided gel-free dry electrodes for rapid
setup (i.e., under 5 minutes), full cortical coverage across 21 channels (including central,
parietal, and occipital regions), and demonstrated stable signal acquisition during moderate body
movements such as walking, chewing, and nodding. The system also included proprietary
motion artifact rejection through a dedicated parietal reference channel, which enhanced signal
integrity without requiring extensive postprocessing. Vendor support was also a key asset,
including provision of a no-cost loaner unit and continued technical assistance throughout the
testing. These features made the DSI-24 a strong fit for the specific demands of this study,
especially given its balance of performance, usability, and practical accessibility in a mobile
research context.

Other Physiological Devices
Alongside EEG system evaluation, a comprehensive catalog of other physiological sensing

devices was compiled to assess available options for monitoring cardiac activity, respiration,
body temperature, blood oxygenation, and eye tracking. This review covered a wide range of
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technologies, from clinical-grade research equipment to emerging consumer wearables. The
overall goal was twofold: first, to survey a representative landscape of devices that could
potentially support real-world driving applications, and second, to identify a smaller set of
systems for use in the controlled experimental setting of the Chapter 4 test track study. Table 2
provides an overview of the physiological devices reviewed, including their sensing modalities,
specifications, and key technical attributes. Certain physiological signals, such as blood oxygen
saturation (SpO2), galvanic skin response (GSR), and peripheral temperature (Temp), were
considered during the survey phase but ultimately excluded from test track deployment. These
signals are commonly measured using devices that require wired finger clips (SpO-), adhesive

electrodes (GSR), or wrist-worn probes (Temp). In the context of an in-vehicle driving
environment, such equipment raised clear usability concerns. These sensor types would have
increased participant discomfort, restricted natural hand movements during driving, and added
unnecessary complexity to the sensor suite, making it impractical for a single participant to
manage while operating the vehicle. Moreover, the focus of the study remained on core vitals
monitoring (ECG and respiration), neural signals (EEG), and eye tracking. These domains
aligned best with the study’s objectives and offered the most reliable and actionable data. As a
result, temperature, SpO2 and GSR systems were reviewed and considered for future use but
were not selected for implementation in the Chapter 4 study.

Table 2. Initial catalog of physiological sensing devices (K = x $1,000).

Device Metrics Cost ($) Specifications
1-KHz sampling rate
Polar H10 ECG 105 BT, ANT+ (2)
Single-lead ECG
135-Hz sampling rate
Polar Verity Sense BVP-derived HR 105 BT, ANT+ (2)
6 LEDs
. BT, ANT+
Get Wellue VisualBeat ECG 80 Single-lead ECG
128-Hz ECG sampling rate
— ECG, RR, Temp Range for HR: 40-300 bpm
Vivalink >00 Range for RR: 5-35 brpm
FDA approved
. . BT
Frontier X2 ECG, ECG-derived RR 450 .
125-Hz sampling rate
. BT 4.0
FL330 SpO:, Pulse rate, Motion 180 Range for HR: 30-250 bpm
Get Wellue O2 Ring SpO:, Pulse rate 160 BT
Turner Medical Choice SpO2, HR, RR 120 BT
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Device Metrics Cost ($) Specifications
Wearable Sensing ExG ECG, RR, GSR Unknown 300-Hz sampling rate
Bi?}zi;; tlillieng/ GSR, BVP-derived HR Unknown 32-Hz ]saa%n 5 ‘11ing rate
Zephyr Bioharness 3 ECG, RR 550 25;;:%? %%i;;?ﬁg;%;fe
Vernier Go Direct RR 120 10-Hz sampling rate
BrainBit Calibri RR 200 50-Hz sampling rate
Pupil Labs Core Eye tracking 3.5K 120-Hz sampling rate
Tobii 2 Pro Bitbrain Eye tracking 15K 125-Hz sampling rate
SmartEye Eye tracking Unknown 60-Hz sampling rate

In addition to research-oriented platforms, a separate review was conducted of mainstream-
branded consumer fitness trackers. These included smartwatches, chest straps, and health-
tracking rings commonly used for everyday activity monitoring. While these devices were not
selected for data collection in the current study due to limitations in raw data access,
synchronization, and lack of continuous monitoring, they offered useful insight into form factor
trends, usability expectations, and comparative performances. Table 3 summarizes the consumer-
grade systems reviewed during this phase of evaluation. Device costs were not included in the
table due to high variability across model numbers and configurations within each brand.
However, most of these consumer-grade wearables typically fall within a general retail range of
$150-$900, depending on the brand, model variant, and accessories.

Table 3. Summary of branded consumer wearables reviewed.

Brand/Model

Sensors Included

Notes on Suitability

Device Type
. HR, SpO:, Temp, HRV,
Apple Watch Series (6-9) Smartwatch accelerometer No access to raw data
Samsung Galaxy Watch HR, SpO2, HRV, Temp, - .o
Series (4-6) Smartwatch ECG Limited ECG monitoring
Google Pixel Watch (1-2) Smartwatch HR, HRV, SpO: Limited raw data access
Fitbit Sense / Charge HR, HRYV, electrodermal Proprietary data
Series Smartwatch activity, SpO2 prietary
Garmms\g :irél; / Fenix Smartwatch HR, HRV, SpO:, Temp, RR | Limited raw data access
Oura Ring (Gen 2-3) Smart Ring HR, HRV, Temp, RR, SpO: No raw data access
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Brand/Model Device Type Sensors Included Notes on Suitability
Limited ECG, RR
Samsung Galaxy Ring Smart Ring HR, Temp, SpO: function
Limited raw data access
Whoop Strap (3.0-4.0) Strap/Band HR, HRV, Temp, RR, SpO: | Limited raw data access

ECG Device Evaluation and Final Selection

Signal quality was the top priority in evaluating ECG devices for use in the experimental test
track study. Additional considerations included raw data accessibility, comfort during extended
wear, compatibility with other sensors, and cost. Several commercially available chest-strap
ECG monitors were assessed through hands-on trials involving multi-hour wear and data
collection during seated, ambulatory, and in-vehicle conditions. These trials aimed to observe
practical factors such as signal stability, wearability, user comfort, and data handling capabilities,
rather than conducting formal benchmarking. The Polar H10 emerged as the most appropriate
system based on its strong performance across these criteria. It recorded true ECG signals at a
sampling rate of 130 Hz, which was sufficient for both heart rate and HRV analyses and
provided full access to raw waveform data without proprietary restrictions. The device featured a
compact, low-profile design that fit comfortably under clothing and remained unobtrusive during
use. Participants reported minimal awareness of the device during sessions. These characteristics
collectively made the Polar H10 a strong fit for collecting cardiac activity data in the dynamic,
in-vehicle setting of the test track study.

Respiration Device Evaluation and Final Selection

Identifying a suitable respiration monitoring system proved challenging due to the limited
availability of affordable, wearable devices that provided continuous access to raw respiration
signals. The evaluation process began with a review of commercially available options marketed
for respiratory monitoring. Several of these were examined through informal hands-on testing,
which included short-duration trials during seated and ambulatory tasks. These sessions aimed to
assess signal stability, ease of setup, wearability, and data accessibility under realistic conditions,
without formal benchmarking.

The DSI RESP respiration belt was ultimately selected based on its seamless integration with the
DSI-24 EEG system, straightforward setup process, and reliable access to raw respiration
signals. It featured a minimalistic chest-strap design that was comfortable for participants across
different body types and did not interfere with driving tasks. The signal remained stable across
repeated uses and was easily synchronized with simultaneous EEG and ECG recordings.

Other systems considered during this process were deprioritized due to practical constraints such
as restricted raw data access, reliance on derived respiration estimates, or integration
requirements that did not align with the study’s goals. Rather than focusing solely on technical
performance, the selection emphasized usability, compatibility with the broader sensing suite,
and alignment with the level of control and data transparency needed in the controlled
environment of the test track study.
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Eye-tracking System

The final eye-tracking system used in the study was the Smart Eye AIS 12, a single-camera,
high-frame-rate solution designed specifically for in-vehicle applications. The system integrated
seamlessly with the existing vehicular data acquisition system (DAS), and it was already
available in-house, making it a practical and efficient choice for the study. It provided 60-Hz
gaze tracking, head pose estimation, and pupillometry, with multi-camera coverage that ensured
robustness to varying lighting conditions and partial occlusions.

Summary

Table 4 summarizes the final set of devices selected for monitoring cardiac activity, respiration,
brain activity, and eye tracking.

Table 4. Final sensor suite for the test track study.

Device Physiology monitored
Polar H10 Cardiac activity (ECG)
DSI Respiration Belt Respiration activity
DSI-24 Brain activity (EEG)
Smart Eye AIS 12 Eye tracking
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CHAPTER 4. EVALUATING ALCOHOL IMPAIRMENT IN A REAL-WORLD, CLOSED-
TRACK DRIVING STUDY (THE “BIG BRAIN” STUDY)

BACKGROUND

While alcohol-impaired driving remains a well-established public safety concern, most prior
research using real-world driving data has focused on observable behavioral manifestations of
impairment, particularly changes in driving performance and eye-tracking measures. However,
these outward indicators often capture impairment either concurrently with or after it has begun
to affect driving behavior. In contrast, physiological signals such as core vitals or brain activity
may offer a complementary window into earlier or more internal state changes, with the potential
to detect impairment prior to, or alongside, observable behavioral degradation (Jacobé De
Naurois et al., 2019; Wang et al., 2018).

Despite growing interest in physiological monitoring technologies for driver safety, evaluations
during real-world alcohol-impaired driving remain scarce. Most prior research has used
simulators or stationary lab tasks, isolating physiological measures in controlled environments.
Only a limited number of studies have combined alcohol dosing with real, on-road driving;
among these, only one has been conducted in North America (Peck et al., 1986). The current
investigation adds to this small body of research by uniquely integrating a comprehensive,
multimodal physiological sensor suite, including cardiac, respiratory, and neural activity,
alongside high-resolution driving behavior data collected in an actual vehicle operating on real
road infrastructure.

Research Objectives

The overarching goal of this study (referred to as the “Big Brain” study) was to characterize
alcohol-induced changes in driver physiology and behavior during real vehicle operation and to
evaluate the performance of wearable physiological sensors in such conditions. Specifically, this
study aimed at accomplishing the following objectives:

1. Qualitatively assess the feasibility, signal quality, and practical challenges of using
commercially available wearable sensors for collecting physiological data, including
ECG, respiration, and EEG, during experimental real-world driving.

2. Quantify the effects of alcohol impairment on these physiological measures and
driving performance.

3. Explore the added value of physiology-based monitoring in detecting impairment,
relative to or in combination with traditional driving behavior measures.

METHODS
Study Overview

The study was approved by the Virginia Tech Institutional Review Board (IRB #24-049) and the
Virginia Tech Transportation Institute’s (VTTI’s) Safety Committee. Recruitment targeted
healthy adult drivers between 25 and 55 years of age who reported routine alcohol consumption
and had at least 3 years of U.S. driving experience. For the purposes of this study, routine
alcohol consumption was defined as drinking alcohol at least twice per week. Participants were
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recruited through VTTI’s participant database and through word-of-mouth outreach within the
New River Valley and Roanoke areas of Virginia.

Eligibility was determined through a structured multi-step screening process, including an initial
email inquiry, a phone-based screener, and a final in-person re-screening on the day of the study
session. To qualify, participants were required to meet all of the following criteria:

Be between 25 and 55 years old

Possess a valid U.S. driver’s license for at least 3 years

Routinely consume alcohol (> 2 times per week)

Report at least one past-year heavy drinking episode (> 3 drinks for women, > 4 for

men on a single occasion)

e Be free of major medical, psychiatric, or neurological conditions

¢ Not take any prescription or over-the-counter medication (excluding birth control)

e Be willing and able to reach a target breath alcohol concentration (BrAC) of 0.08%
through controlled alcohol dosing

¢ Be comfortable wearing EEG, ECG, and respiration sensors during the study

e Have normal or corrected-to-normal vision and hearing

e Be eligible to legally receive monetary compensation for study participation

Exclusion criteria specifically included any history of alcohol use disorder, recent efforts to stop
or reduce alcohol consumption, a history of motion sickness while driving or riding in vehicles,
or any relevant medical conditions such as heart disease, epilepsy, or liver or kidney disorders.
Pregnant or nursing participants were also excluded.

Driving Environment and Protocol

All driving tasks were completed on the Virginia Smart Roads, a closed-to-public test track
specifically designed for transportation research studies operated by VTTL. It includes multiple
road types and traffic configurations designed to parallel real-world driving conditions. No other
vehicles or personnel were present on the track during any part of the driving sessions.

Research Vehicle

All driving was conducted in a 2018 Ford Edge SE, henceforth referred to as the research
vehicle. The VTTI FlexDAS (an in-house DAS) recorded data from multiple onboard sensors
and vehicle systems, capturing a comprehensive set of signals related to vehicle dynamics, driver
control inputs, and environment monitoring. These included:

¢ Inertial measurement unit (IMU; VN-300)

e Vehicle control inputs (i.e., brake, throttle, steering)

e Eye tracking (SmartEye AIS-12)

e Lane position data (Mobileye Series 5)

e Vehicle Controller Area Network (CAN) bus data (including speed and turn signal
status)

e Six synchronized camera views: forward roadway, participant’s face, hand and wheel
controls, left- and right-side views, and rear view
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Safety features: The research vehicle was modified in-house by VITI’s Hardware Engineering
Laboratories to ensure participant and personnel safety during alcohol-impaired driving tests. A
dual-control safety system was installed to allow full override capability by a trained safety
driver seated in the rear. While the front-seat participant operated a custom by-wire driving
interface, the safety driver retained direct mechanical control over steering, braking, and throttle.
This allowed for immediate intervention if unsafe conditions arose, with the safety driver
retaining primary vehicle input ability at all times.

This safety architecture was essential due to the real-world nature of the alcohol-dosed driving
tests. Unlike simulation-based studies, participants were operating a real vehicle under the
influence of alcohol, with the potential for serious consequences in the event of a crash.
Therefore, robust fail-safe measures were necessary to prevent harm and ensure study integrity.

Safety override triggers, which immediately disconnected the participant’s driving controls,
included:

Steering wheel angle mismatch between front and rear inputs
Torque application from the rear steering wheel
Activation of rear-seat brake, throttle, or safety button
Hardware or communication faults from steering, braking, or CAN systems
Emergency stop button activation from the rear seat
The ultimate discretion for intervention rested with the safety driver. Explicit
intervention criteria included:
o Repeatedly or egregiously speeding by more than 5 mph above the posted limit
(participants were warned twice before override)
o Clear signs of dangerous driving behavior (e.g., delayed responses, jerky
maneuvers)
o Lateral deviation from lane boundaries (e.g., one wheel crossing the lane line)
o Participant request (e.g., “Please take over”)

All safety systems and override mechanisms were thoroughly tested and validated prior to any
participant drives. Safety protocols were strictly followed throughout the study, and no safety
interventions were ultimately needed during any of the sessions.

Driving Protocol

The driving protocol included two main sections:

Surface Street section: The first portion of each drive occurred on the Smart Roads’ “Surface
Street” urban testbed. This testbed mimics the geometry and signage of a typical low-speed
urban environment. The posted speed limit throughout this portion of the driving course was 25
mph, and featured:

Multiple stop signs and controlled intersections

Left- and right-hand turns

Roundabout traversals

A cul-de-sac navigation task

A final parking maneuver upon return from the Highway section (described below)
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Each participant completed one full familiarization loop (during their sober, pre-alcohol baseline
condition) followed by two additional complete loops during both the baseline and impaired
drives. Drivers were instructed to obey all relevant traffic laws, keep their speed as close as
possible to the speed limit, stay within their lane, and drive as they normally would.

Highway section: After completing the Surface Street component of the study, participants
transitioned to the Highway portion of the Smart Roads. This section was configured as a two-
lane divided highway with a posted speed limit of 35 mph and marked lane boundaries. Driving
tasks on the Highway section included:
e A required lane change and return maneuver triggered by a “Lane Closed” sign placed
on the right shoulder, simulating a work zone
e Traversing two straight road segments lasting approximately 2—3 minutes each
e Four traffic light encounters, where a stoplight changed from green to yellow to red
and back again in a controlled sequence
e A 360-degree highway ramp curve navigation (completed twice)
e All driving instructions were consistent across participants and conditions. No
secondary tasks were administered or allowed during the drives.

Experimental Protocol

Only one participant was scheduled per study day. Participants were transported to and from the
study site either by a sober friend/family member or by VTTI staff to ensure no participant drove
under the influence of alcohol on public roads at any point. Additional day-of exclusions
included smoking or vaping within 12 hours of the session, consuming caffeine or alcohol within
12 hours, or failure to pass a urine-based pregnancy test (required for all female participants at
intake). Participants were also instructed to abstain from eating within 2 hours prior to their
session and to avoid using any personal hygiene products containing alcohol (e.g., mouthwash,
aftershave) for at least 8 hours before arrival.

Each study session began at 9 a.m. and lasted approximately 5 to 7 hours. Upon arrival,
participants completed final eligibility screening, which included providing informed consent
and undergoing a baseline BrAC check (required to be < 0.01% to proceed) using a Lifeloc FC20
breathalyzer. Participants were then fitted with three wearable physiological sensors, namely, the
DSI-24 EEG headset, Polar H10 ECG sensor, and DSI-RESP respiration belt. Signal quality was
checked, and data recording was started. The experimental sequence for every participant
followed the fixed order below.

Baseline Reaction Time Test

Participants completed a reaction time test (Reaction Time by Banensoft, Google Play Store) on
a handheld tablet. The task consisted of five trials, where participants tapped the screen as soon
as it changed from red to green, providing a simple measure of visual-motor response speed.
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Familiarization Drive

Participants were escorted to the Smart Roads facility, where they completed one supervised
driving loop of the Surface Street section in the research vehicle to become comfortable with the
vehicle controls, handling, and track layout. Data from this drive was not used for analysis.

Baseline Drive

Participants completed the full driving course, consisting of two loops of the Surface Street
section followed by the Highway section. This served as the baseline (sober) driving condition
for all subsequent comparisons.

Alcohol Dosing

After returning to the staging area, participants were administered up to five separate drinks
containing weight-, height-, and sex-adjusted doses of 40% alcohol by volume vodka mixed with
orange juice. Each drink was consumed over a 20-minute period. BrAC was periodically
monitored using the breathalyzer until participants reached the target BrAC of 0.08%, which
typically was reached approximately 2 hours after dosing began.

Impaired Reaction Time Test

Once the target BrAC was reached and stable, participants repeated the same reaction time test
performed at baseline.

Impaired Drive

Participants completed the identical driving course as in the baseline condition, including the
same Surface Street and Highway sections. This allowed for direct within-subject comparison of
driving performance under sober versus impaired conditions.

Post-drive BrAC Check and Survey

Immediately upon returning from the impaired drive, participants’ BrAC was measured again to
verify continued intoxication levels. Participants then completed a structured post-drive survey
assessing their subjective perceptions of impairment, awareness of intoxication, willingness to
drive under various real-world scenarios, and reactions to potential in-vehicle alcohol detection
systems (see Appendix A for the survey).

Recovery and Monitoring

Following the survey, participants remained under supervision at the VTTI facility until their
BrAC dropped below 0.04%. Lunch, snacks, and fluids were provided throughout the recovery
period. Once safe BrAC levels were confirmed, participants were transported home by a
participant-designated sober driver or by VTTI staff, in accordance with study safety protocols.

Additional safety measures: Additional safety procedures were implemented to ensure
participant well-being throughout the study, particularly during alcohol dosing and impaired
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driving sessions. Two certified emergency medical technicians were always on-call and available
via phone should any participant feel unwell or wish to consult with medical personnel. In the
event of a medical emergency, the study protocol specified immediate activation of emergency
services by calling 911. All testing was conducted at facilities located within a 2-minute response
time from a Level III trauma center, providing rapid access to advanced medical care if required.
No medical incidents or emergencies occurred during the course of the study.

Physiological Data Acquisition

All three physiological sensors transmitted data wirelessly via Bluetooth to the study laptop (Dell
Latitude 5400, 8th Generation Intel Core 17-8665U Processor, 16 GB RAM), equipped with an
external Bluetooth 5.2 dongle (EDUP EP-B3536). Data acquisition was handled using the Lab
Streaming Layer (LSL) framework (Kothe et al., 2024), which provides time-synchronized
collection of multimodal data streams. Two separate Python-based LSL packages were used
concurrently: dsi2lsl for EEG (Kothe, 2024) and respiration signals, and the polar2is! for ECG
signals. Additionally, a LabJack U3 ADC recorded a transistor-transistor logic (TTL) trigger
pulse used for synchronization purposes. This was connected via Universal Serial Bus and
streamed into LSL using labjack2ls! (Veillette, 2024). All LSL interfaces were extensively
customized in-house for improved reliability, device-specific configuration, and real-time
visualization. A dedicated Python-based graphical user interface was developed to control all
recording processes and manage data streams. MATLAB’s vis_stream utility, running an LSL
interface, was used for real-time EEG monitoring during setup and recording (Kothe et al.,
2024). All data streams were recorded into a unified .xdf (Extensible Data Format) file using the
LabRecorder software (Kothe et al., 2024).

Extensive benchtop testing and validation were conducted prior to deployment, using
oscilloscopes, ADCs, and microcontroller-based signal generation (C++ and Python) to test
sampling stability, latency, and transmission integrity across all devices. Each LSL stream
transmitted both its data value and a corresponding source timestamp, eliminating transmission-
induced timing errors and leveraging internal buffering to prevent packet loss. Furthermore, upon
loading into MATLAB, the .xdf file was processed using the Load xdf function, which
automatically aligned all recorded streams by timestamp and applied drift corrections where
necessary. This ensured sub-millisecond synchronization across EEG, ECG, respiration, and
trigger signals within the physiological dataset.

Synchronization with the FlexDAS

Synchronization between the physiological dataset and the vehicle’s DAS (FlexDAS) was
achieved using a combination of primary and backup methods to ensure timing accuracy within
< 2 milliseconds.

The primary synchronization method relied on aligning system clocks between the study laptop
and the FlexDAS. The FlexDAS synchronized its onboard clock with the dedicated Virginia
Tech network time protocol server (ntp-1.vt.edu, IP: 198.82.247.51) on Ubuntu 20.04, while the
laptop initially ran Windows 10. Prior to each driving session, the laptop was connected directly
to the DAS via Ethernet, and the laptop system clock was force-synchronized to the DAS clock
using standard network time protocol. As a secondary synchronization method, a TTL pulse was
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generated from the LabJack U3 and recorded simultaneously on both systems: on the
physiological data side via LSL from the LabJack ADC, and on the FlexDAS side via an
auxiliary digital input channel sampled within the FlexDAS’ own data stream. This TTL pulse
provided a precise event marker common to both datasets and served as a backup in the event of
clock misalignment or system timing drift. To further prevent grounding issues or floating
ground artifacts, the laptop direct current power supply was connected to the vehicle power
system with a shared ground tied to the DAS chassis. This ensured clean signal acquisition from
the TTL trigger line.

Data Processing and Analysis
Data Segmentation

Prior to conducting all driving-based and physiological analyses, the dataset was segmented into
distinct experimental periods of interest:

In-lab Reaction Time Test (Baseline)
Baseline Driving Session

Alcohol Dosing Session

In-lab Reaction Time Test (Impaired)
Impaired Driving Session

Driving maneuver segmentation: Driving sessions were further divided into six predefined
maneuver segments based on roadway geometry and task characteristics (Table 5). These
included five distinct roadway sections, along with a braking response maneuver (Maneuver F)
triggered by a changing traffic light.

Table 5. Description of driving maneuvers analyzed.

Maneuver Description R(g;;l;:;ay Repetitions
A Roundabout navigation Curved 2
B Downbhill straight driving Straight 1
C Lane change maneuver going uphill - 1
D Uphill straight driving Straight 1
E 360° highway ramp Curved 1
F Braking response to changing traffic light - 4

Segmentation of driving data into maneuvers was performed manually for each participant and
session using frame-synchronized forward and side-view videos recorded by the FlexDAS. Fixed
spatial landmarks were identified on the Smart Roads track and applied uniformly across all
participants to ensure consistency. Start and end times for each maneuver or segment were
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determined through video annotation and recorded for each file, producing a set of standardized
timestamp boundaries for subsequent analysis.

Physiological Quiet-Time Segments: To capture steady-state physiological baselines, a
standardized 5-minute “quiet-time” driving segment was selected within each drive. These
segments were characterized by minimal maneuvers or steering input, and consisted primarily of
straight, uneventful driving with minimal experimenter instruction. This approach was intended
to reflect a stable physiological baseline during both sober and impaired driving sessions while
controlling for external task demands.

Reaction Time

Reaction time was analyzed from two separate tasks: the in-lab reaction time test and an on-road
reaction time task conducted during the driving sessions. For the in-lab reaction time test, mean
reaction time was computed for each participant under both the baseline and impaired conditions.

For the on-road driving task (Table 5, Maneuver F), participants were instructed to begin
pressing the brake pedal as soon as they noticed the traffic light change from green to yellow,
regardless of whether they would normally wait to brake under real driving conditions. They
were told that a light tap was sufficient and that the goal was not to stop suddenly but simply to
signal recognition of the light change as quickly as possible. After the initial brake response,
participants were allowed to coast and stop comfortably as they normally would. Reaction time
was defined as the duration between the moment the traffic light changed from green to yellow
(identified through manual video annotation) and the participant’s initial brake response, marked
by the first non-zero brake pedal position value recorded in the driving data. Reaction times were
computed for all participants across both baseline and impaired conditions with four trials
completed per condition.

Driving Data

Driving data corresponding to each participant and session were identified and inspected for
integrity and completeness. The key variables synthesized from multiple vehicle data streams are
summarized in Table 6.

Table 6. Summary of driving data variables used for analysis.

Source Derived Variable Units Sampling Rate
Yaw rate degrees/sec 100 Hz
IMU Longitudinal and lateral acceleration g 100 Hz
Longitudinal and lateral Jerk g/s 10 Hz
Brake and throttle pedal position % 100 Hz
Vehicle CAN Steering angle degrees 100 Hz
Vehicle speed m/s 10 Hz
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Source Derived Variable Units Sampling Rate

SmartEye Eye closure proportion % 30 Hz

Mobileye Lane position m 40 Hz

Only magnitudes were considered for lateral acceleration, lateral jerk, and yaw rate, by ignoring
the direction of movement and focusing on absolute values. For all driving variables, a set of
descriptive metrics was calculated whenever applicable. These included the mean, maximum
(Max), minimum (Min), median, standard deviation (SD), and the 25" and 75" percentiles,
providing a robust summary of central tendency and dispersion for each variable.

For lane-keeping behavior, additional metrics were computed from lateral position data. These
included the mean absolute deviation in lateral position and SDLP, both commonly used
indicators of lateral control.

The full set of these descriptive statistics yielded a total of 108 metrics that were computed for
each maneuver per session per participant. A subset of these metrics was further analyzed due to
their practical relevance for the maneuvers of interest, as shown in Table 7.

Table 7. Final driving metrics analyzed.

Variable Description Metrics Computed
Acceleration (longitudinal) Mean, SD
Braking (longitudinal deceleration) Mean, SD
Lateral Acceleration (magnitude only) Mean, SD
Speed Mean, SD, Min, Max
Steering Angle Mean, SD
Yaw Rate (magnitude only) Mean, SD
Brake Pedal Position (magnitude only) Mean, SD
Throttle Pedal Position Mean, SD
Eye Closure Proportion Overall value (1 per maneuver)
Lane Offset (mean lane position) Overall value (1 per maneuver)
SDLP Overall value (1 per maneuver)
Lateral Jerk (magnitude only) Mean, SD, Min, Max
Longitudinal Jerk Mean, SD, Min, Max
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Physiological Data

Respiration and ECG data: ECG and respiration signals were initially preprocessed in
MATLAB. The Polar H10 ECG signal, sampled at 130 Hz, was corrected for baseline drift, and
HR peaks were identified using a custom peak detection algorithm based on a threshold of
median amplitude plus two standard deviations, with a 0.25-second minimum separation
(corresponding to HR > 240 bpm) to exclude implausible detections. Respiration, recorded at
300 Hz from the DSI-RESP chest belt, was bandpass-filtered between 0.1 and 0.5 Hz to isolate
the expected 630 brpm range. Peaks were identified using a threshold based on the median
amplitude and a 1-second minimum separation. Once verified visually, both ECG and respiration
data were exported to Python and processed using NeuroKit2, which generated over 100 features
including HR, RR, and higher-order variability metrics (e.g., HRV, respiratory rate variability
[RRV]) (Makowski, 2021; Makowski et al., 2021). From these features, a focused subset was
selected for reporting to improve interpretability and reduce redundancy. This selection was
conducted post hoc but was guided by well-established categories of physiological relevance,
such as rate, variability, and phase timing, and by their ability to capture representative trends in
the dataset. Metrics that were highly correlated or derivative of others were excluded to avoid
duplication. The final set includes measures that collectively represent the major directional
patterns observed, rather than those selected solely based on statistical significance. These
metrics are listed below:

Respiration:

e Mean RR, representing the mean respiration rate across the segment

¢ Root mean square of successive differences (RMSSD), which quantifies short-term
variability in inter-breath intervals

e Mean BB, the average duration between consecutive breaths

e SDI and SD2, derived from Poincaré analysis (Welch et al., 2021) of inter-breath
intervals, reflecting short-term and long-term variability in breathing, respectively

e SD2/SDI ratio, representing the balance between slower, drifting changes and faster,
breath-to-breath fluctuations

¢ Inspiration and expiration durations, computed separately to assess the timing of
respiratory phases

Cardiac activity:

e Mean HR, representing the mean heart rate across the segment

e RMSSD, which quantifies short-term variability in inter-beat intervals

e Mean NN interval, the mean duration between consecutive normal heartbeats (i.e., RR
intervals)

e SDANNI, the standard deviation of successive NN intervals, reflecting long-term
HRYV across the segment

Each segment was analyzed independently, and outputs were cross-checked against manual
MATLAB results to ensure accuracy. HR and RR values were also computed for the entire
baseline and impaired driving sessions, in addition to the “quiet time” periods.
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EEG data: EEG data required more extensive preprocessing due to frequent artifacts inherent to
EEG recordings, which were further exacerbated by the dynamics of driving-related movements.
These included large, slow deflections from eye movements and blinks driven by the shifting
corneo-retinal dipole, as well as high-frequency muscle-related noise (electromyogram activity)
originating from facial tension, jaw movement, or neck muscles engaged during steering or
posture adjustments. Cardioballistic artifacts, resulting from the mechanical pulsation of blood
through superficial arteries near the scalp, further contributed low-frequency rhythmic
distortions, particularly in the 1-2 Hz range. Additional noise sources included sweat-induced
drift, which affected baseline stability over longer sessions, and gradual impedance fluctuations
due to minor shifts in electrode contact as participants adjusted or repositioned during the drive.

All EEG signals were processed in MATLAB using EEGLAB, with bandpass filtering from 0.1—
40 Hz and a 16-Hz notch filter applied to suppress interference caused by the handheld radio
used for experimenter communication. Artifact rejection was guided primarily by visual
inspection of raw and filtered signals. While common average referencing and independent
component analysis cleaning were both tested as potential strategies, these approaches were
ultimately excluded due to the extent of cerebral signal loss observed alongside artifact removal.
Instead, a more conservative cleaning strategy was adopted, balancing artifact suppression with
preservation of neural activity. Channels exhibiting persistent noise or ocular artifacts (Fp1, Fp2,
F7, F8, Pz) were excluded from all final analyses.

Following cleanup, EEG metrics were computed per segment using overlapping 60-second
epochs (50% overlap) and full-segment means. Absolute and relative spectral power were
computed using NeuroKit2 and magnetoencephalography and electroencephalography toolkits in
Python (Gramfort et al., 2013; Makowski et al., 2021). Relative power was defined as the
proportion of total EEG power contributed by each frequency band. Spectral analysis covered
standard bands (i.e., delta, theta, alpha, beta, gamma) and derived bands (i.e., slow/fast alpha,
theta+alpha), computed channel-wise then averaged across all channels, as well as across frontal,
central, and occipital regions. Hilbert envelopes were applied to each band-filtered signal to
capture temporal power dynamics (see Figure 2 for example). Phase coherence was explored but
ultimately excluded due to poor signal reliability. All processing steps were manually validated
before statistical analysis was performed.
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Figure 2. Graphs. Extraction of temporal band power using Hilbert transform.

Statistical Analysis

All statistical analyses were conducted using JMP Pro 18 employing generalized linear models to
evaluate within-subject effects of alcohol impairment across reaction time-based, physiological
and driving outcomes. For all models, condition (Baseline vs. Impaired) was specified as a fixed
effect, and participant was included as a random effect to account for repeated measures within
individuals. Maneuvers with multiple trials had an additional fixed “Trial” effect. The dependent
variables included all computed reaction time metrics (from both in-lab and on-road tasks),
physiological metrics (from the 5-minute quiet driving period, as well as RR and HR for the
entire session), and all driving behavior metrics (grouped by maneuver).

Separate models were constructed for each dependent variable. Significance was assessed using
an alpha level of 0.05. Where appropriate, post hoc comparisons were performed using either
Tukey’s honestly significant difference for multiple comparisons or paired Student’s #-tests for
direct two-level contrasts.
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Behavioral Data Analysis

Participants’ self-estimated BAC levels were compared to their actual measured BAC to
compute the absolute estimation error. For the remaining behavioral items, participants
responded to a series of statements and scenarios using 7-point Likert scales (Appendix A).
These included questions about perceived impairment, willingness to drive under various real-
world situations, and likelihood of responding to in-vehicle alcohol warning systems. Response
options ranged from Strongly Disagree (1) to Strongly Agree (7) for impairment-related
statements, and from Highly Unlikely (1) to Highly Likely (7) for behavioral intention and
warning response items.

Quantitative responses were summarized descriptively and visualized graphically to illustrate
individual variability and overall response trends. No inferential statistics were conducted, given
the small sample size and participant-specific descriptive focus. Open-ended responses about
reactions to ignition interlock-type systems were manually reviewed and categorized into
recurring themes. Each response was assigned to a thematic category based on shared meaning
and intent, resulting in three groups: full acceptance, passive compliance, and conditional
willingness to circumvent the system. Categorization was done manually based on the overall
meaning of the response, with clear distinctions made between themes.

RESULTS

Five adult participants (3 male, 2 female) between the ages 27 and 46 years (mean = 34.8 years)
successfully completed the study. Table 8 summarizes the participant demographics and duration
of their sessions.

Table 8. Participant information.

. Age Weight Height | Study Duration | Breath Alcohol
S Ll Years Ibs. Inches Hours %
1 F 35 134 65 7 0.091
2 M 27 172 71 5.25 0.088
3 M 46 216 72 6.5 0.081
4 F 36 236 62 6.5 0.085
5 M 30 163.4 69 5 0.082

Reaction Time

In the in-lab reaction time task, mean reaction time increased from 224 ms at baseline to 246 ms
during the impaired session. This increase (+22 ms) was found to be statistically significant
(»p =0.0132, F = 6.8192).

During the on-road driving session, braking reaction time in response to traffic light changes
increased for every participant, rising from a mean of 1,021 ms at baseline to 1,372 ms under
impairment (+350 ms). Despite this consistent directional increase, the change was not
statistically significant.
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Driving Performance

Key findings from the analysis of 108 driving performance metrics are presented below,
organized by maneuver and road segment. All directional language (e.g., increase, decrease)
reflects the change from baseline to alcohol-impaired driving, calculated as impaired minus
baseline (Table 9).

Straight Driving

Across both downhill (Maneuver B) and uphill (Maneuver D) segments, statistically significant
changes were observed in mean steering angle (p = 0.01 downhill; p = 0.001 uphill), with
consistent increases across all participants. No other variables reached statistical significance,
though several showed consistent directional trends across participants (Table 9).

Curved Driving

Among curved driving maneuvers, the only statistically significant effect was an increase in
mean longitudinal speed during the highway ramp (Maneuver F, p = 0.0446). Other observed
changes generally showed consistent directional trends across participants (Table 9).

Table 9. Summary of driving performance differences (Impaired — baseline).

Segment Metric Direction Difference
Mean steering angle T (p =0.01) +0.4°
Steering angle SD 1 +0.07°
Eye closure 1 +9.8%
Mean speed 1 +1.4 mph
Downbhill Min speed 1 +2.0 mph
Max speed 1 +2.3 mph
Speed SD ! —0.13 mph
SDLP 1 +2.27 cm
Longitudinal acc SD 1 +0.010 g
Mean steering angle 1 (»=0.001) +0.4°
Steering angle SD 1 +0.25°
Eye closure 1 +3.3%
Mean speed 1 +1.0 mph
Uphill Min speed ! —1.3 mph
Max speed 1 +1.9 mph
Speed SD 1 + 0.72 mph
SDLP ! —2.08 cm
Longitudinal acc SD 1 +0.010 g
Mean steering angle 1 +3.0°
Steering angle SD T +0.9°
Roundabout Mean speed 1 +0.3 mph
Speed SD 1 +0.1 mph
Yaw rate SD 1 +0.9 deg/s
Mean steering angle T +0.35°
Ramp Steering angle SD 1 +0.08°




Segment Metric Direction Difference
Yaw rate 1 +0.85 deg/s

Mean speed 1 (p =0.04) +2.4 mph

Speed SD 1 +0.47 mph

SDLP 1 +4.28 cm

No notable differences or trends were observed in the comparative analysis for the lane changing
maneuver.

Physiological Results
Respiration

No respiration-related changes reached statistical significance; however, consistent directional
trends were observed across all participants (Table 10).

Cardiac Activity

Several cardiac measures showed significant changes following alcohol consumption, while
others exhibited consistent directional trends across participants without reaching statistical
significance (Table 10). HR increased significantly among all participants. The mean HR across
participants increased from 69.5 bpm at baseline to 83.0 bpm during the impaired condition,
reflecting an average increase of 13.5 bpm (p = 0.0165, F = 15.77). HRV measures, in contrast,
showed a consistent reduction. The mean NN interval decreased from 876.0 ms to 725.7 ms
(—150.3 ms), indicating a significant loss of beat-to-beat variability (p = 0.0267, F=11.71).

Table 10. Summary of respiratory and cardiac changes.

Metric | Direction (Impaired - Baseline)
Respiration Metrics
Respiration Rate (breaths/min)
Respiration Volume per Time (RVT)
RMSSD (RRV)

Mean BB (mean breath interval)
SD2/SD1 Ratio
Inspiration Duration
Expiration Duration

= > > o ke

Cardiac Metrics
Heart Rate (bpm) T (p =0.01)
Mean NN Interval (ms) L (p =0.02)
RMSSD (HRV) |
SDANNI (ms) !

Brain Activity
Observed differences in brain activity were generally subtle, with most differences in the 0% to

7% range. None of these differences attained statistical significance. Despite this, several
noteworthy trends were present. Primarily, overall relative alpha power increased by 6%.
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Spectral analysis revealed that the dominant alpha frequency decreased slightly from 10.7 Hz to
9.6 Hz (see Figure 3), suggesting a mild slowing of the underlying oscillatory activity. Within
the alpha band, fast alpha (10-12 Hz) showed minimal change, whereas slow alpha (8—-10 Hz)
exhibited a more pronounced increase. Regional variations in alpha power are depicted via
topographical plots in Figure 4, Figure 5, and Figure 6.

Similarly, theta power increased slightly in frontal regions, though total theta power decreased
slightly overall, indicating a spatially heterogeneous modulation (see Figure 7). Beta (see Figure
8) and gamma (see Figure 9) activity remained largely stable, with only marginal increases
observed in some participants. The combined (theta + alpha)/gamma ratio increased slightly,

suggesting a subtle shift in spectral balance away from higher frequency activity, though this
effect was small.
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Figure 3. Graph. Relative spectral power comparison.
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Figure 4. Graph. Relative alpha power variations.
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Figure 7. Graph. Relative theta power variations.
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Figure 9. Graph. Relative gamma power variations.

Estimated vs. Actual BAC

Participants varied in their ability to estimate their own intoxication level (see Figure 10). This
estimation was recorded after completing the impaired driving session, and the participants were
aware that their BAC had reached or exceeded the 0.08% legal threshold at the start of the drive.
This prior knowledge likely influenced the range of their self-estimated values. When comparing
self-estimated BAC to the actual measured BAC, three participants underestimated their levels,

while two overestimated. The average absolute error across participants was 0.016 % BAC,
equating to 20% of the total scale.
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Figure 10. Graph. True vs. estimated BAC levels.

Impairment Awareness

Participants generally acknowledged being impaired. Most agreed that they were too impaired to
drive and that they would likely not drive under any circumstances given their current level of
impairment. In contrast, agreement was lower for the statement “I am over the legal limit,”
suggesting greater uncertainty or difficulty in estimating their actual BAC. Similarly, responses
to “I could still drive safely right now” leaned below the neutral point, indicating general
disagreement. Variability across individuals for each question was notable (Figure 11).

Response (1 = Strongly Disagree,
7 = Strongly Agree)

Over Legal
Limit

Still safe
to Drive

Too Drunk
to Drive

Would Not
Drive

Figure 11. Chart. Impairment awareness responses.
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Willingness to Drive Under Varying Scenarios

When asked how likely they would be to drive under various real-world circumstances,
participants showed no strong leanings in either direction. Across all scenarios, mean responses
clustered around the neutral midpoint, with minimal differentiation between contexts. This
suggests a general ambivalence or indecision regarding driving intentions under impaired
conditions, regardless of situational pressure or convenience (see Figure 12). However,
variability was high across questions.
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Figure 12. Chart. Willingness to drive under various circumstances.

Responses to In-car Alcohol Warnings

The most frequently endorsed response to an in-vehicle alcohol warning system was calling an
Uber and retrieving the car later, suggesting a general willingness to defer driving when
prompted by vehicle-based feedback. Less likely responses included ignoring the warning,
waiting in the car until the warning cleared, or taking a nap before driving, with the latter two
responses having high variability across participants. While the most preferred option indicates
receptiveness to automated guidance, variability across participants suggests that compliance
with such systems may not be uniform (see Figure 13).
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Response (1 = Highly Unlikely,
7 = Highly Likely)

Call Uber Ignore Warning Wait Until Clear  Nap Then Drive

Figure 13. Chart. Reactions to in-vehicle alcohol warning system.

Open-ended Reactions

Three types of reactions emerged from participants’ responses to a scenario in which the vehicle
completely prevented driving due to alcohol detection. Two participants expressed clear support
or appreciation for the system, indicating they would be comfortable taking alternative
transportation or simply accepting the restriction. Another two participants described a passive
acceptance strategy, stating they would wait until the system cleared them to drive or pass the
time until they could resume travel. One participant expressed conditional acceptance, stating
they would consider alternative transportation only if the drive exceeded 10 minutes, otherwise
preferring to drive themselves. These responses suggest a spectrum of attitudes toward
automated alcohol-based driving restrictions, ranging from full compliance to context-dependent
willingness to bypass the system.

DISCUSSION

Collecting high-quality physiological data in real-world driving environments presents
substantial methodological challenges. Motion artifacts, environmental noise, postural shifts, and
spontaneous participant movement all pose threats to signal fidelity across wearable sensing
modalities. In the present study, device performance varied by sensor type, largely reflecting the
underlying measurement approach and attachment method.

While ECG and respiration rate could be collected reliably within the vehicle environment for
the purposes of this study, EEG data collection proved the most vulnerable to motion-related
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artifacts. Frequent disruptions arose from electrode drift, inconsistent scalp contact, and
contamination from facial muscle activity or environmental vibration. These difficulties are well-
documented in prior studies attempting EEG acquisition outside of laboratory settings,
particularly in movement-intensive environments like driving (Giangrande et al., 2024; Puce &
Himaldinen, 2017). EEG data quality in this study varied considerably across participants and
recording sessions. However, extensive preprocessing, artifact rejection, and signal cleaning
procedures enabled the extraction of meaningful insights.

Despite the challenges of data collection, several consistent physiological changes emerged
following alcohol consumption. Participants exhibited elevated HR and reduced HRV, indicative
of increased sympathetic nervous system activation, which has been a well-established effect of
alcohol in both laboratory and simulated driving contexts (Brunner et al., 2021; Ralevski et al.,
2019; Tinklenberg et al., 1976). More specifically, reductions observed in RMSSD and
SDANNI reflect both short-term and longer-term suppression of cardiac variability, respectively.
RMSSD is commonly associated with parasympathetic modulation of HR, and its decline is
consistent with vagal withdrawal following alcohol consumption (Buchheit et al., 2004; Task
Force of the European Society of Cardiology the North American Society of Pacing
ElectrophysiologyElectrophysiology, 1996; Ralevski et al., 2019; Tinklenberg et al., 1976). The
drop in SDANNI further supports a broader reduction in autonomic flexibility across longer time
windows (Fares, Wickens, et al., 2022).

Respiration rate tended to decrease, while measures of respiratory variability increased,
suggesting more irregular breathing patterns post-alcohol, potentially reflecting altered
autonomic regulation (Series et al., 1990). These patterns are broadly consistent with prior
research showing that alcohol may suppress respiratory drive and slow breathing rate at
moderate to high doses, though findings across studies have been mixed (Webster & Karan,
2020; Wolff et al., 1999). The observed reduction in RVT also aligns with this general trend,
pointing to decreased ventilatory throughput under alcohol (Webster & Karan, 2020).
Furthermore, observed increases in RMSSD, SD1, and SD2 suggest both short- and long-term
fluctuations in breathing intervals, while the observed rise in the SD2/SD1 ratio indicates a
greater contribution of slower, drifting respiratory patterns relative to rapid breath-to-breath
changes (Welch et al., 2021). These patterns may reflect diminished autonomic stability or
compensatory breathing adjustments under intoxication (Van De Borne et al., 1997).

Neural responses were subtler but followed some expected patterns of alcohol-related cortical
slowing. EEG analyses revealed small but consistent increases in relative alpha power alongside
slight reductions in peak alpha frequency, aligning with previous work showing alcohol-induced
enhancements in alpha activity and decreased dominant frequency, markers sometimes
interpreted as reflecting cortical depression or reduced cognitive engagement (Ehlers & Schuckit,
1990; Porjesz & Begleiter, 2003; Rangaswamy & Porjesz, 2014; Rosadini et al., 1974). Theta
power also increased slightly in the frontal regions, aligning with previous findings (Rosadini et
al., 1974; Tran et al., 2004); however, contrary to previous studies, global theta power saw a
slight reduction (1%).

While the timing of these changes was not directly assessed, the consistency of these

physiological patterns raises the possibility that they may emerge prior to observable driving
impairments. This suggests potential value in exploring these measures as leading indicators of
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impairment in future studies (Brunner et al., 2021; Ralevski et al., 2019). These physiological
findings support the potential utility of wearable sensors for detecting alcohol-induced changes
in autonomic and neural functioning during real-world driving. However, they also underscore
the subtlety of these changes, especially at moderate intoxication levels, reinforcing the need for
sensitive analytical methods and robust data cleaning pipelines.

Consistent with prior research, several aspects of driving performance were altered in the
alcohol-impaired drive. Increases in reaction time, steering angle variability, lateral position
variability (SDLP), and longitudinal speed were observed across multiple maneuvers, potentially
suggesting diminished vehicle control under the influence of alcohol (Chait & Perry, 1994;
Fares, Wickens, et al., 2022; Peck et al., 1986; Riexinger et al., 2019a; Romano et al., 2018;
Simmons et al., 2022; Vakulin et al., 2007). However, these changes were often subtle and not
statistically significant, indicating either less pronounced effects observed during an
experimental setup, the small sample size, or both. Laboratory reaction time tests revealed
statistically significant slowing post-alcohol, while on-road braking reaction times increased but
did not reach statistical significance, likely reflecting the greater variability and complexity of
real-world driving compared to controlled testing environments (Ekanayake et al., 2013).

Participants’ self-estimated BAC varied considerably, with some underestimating and others
overestimating their levels. This variability, coupled with expressed ambivalence toward driving
under hypothetical impaired scenarios, reflects long-standing findings that drivers often
demonstrate poor insight into their own impairment and risk (Alonso et al., 2015; Moncaleano &
Brands, 2019). These results reinforce the complex interplay between perceived and actual
impairment, highlighting the limitations of relying on self-assessment in the context of impaired
driving decisions.

Together, these findings speak directly to the study’s core research questions. First, they
demonstrate that wearable physiological sensors, particularly ECG and respiration, can reliably
collect usable data during real-world driving. Second, consistent post-alcohol changes in
physiological signals across all participants suggest that these measures may be sensitive to the
effects of alcohol intoxication, even when changes in driving behavior are modest or variable.
Third, the physiological effects of alcohol were often more pronounced or consistent than the
corresponding changes in driving behavior, potentially suggesting that physiology-based
measures may provide earlier or more reliable indicators of impairment, particularly when
behavioral signs are subtle or variable.

Limitations and Future Directions

Several limitations warrant consideration. The small sample size (n = 5) necessarily restricts the
generalizability of the findings, positioning the study as exploratory rather than definitive. While
consistent within-participant patterns were observed, broader inferences across populations
should be made cautiously. EEG data quality varied considerably across participants, reflecting
the persistent difficulty of collecting clean neural signals in real-world, mobile contexts.
Although extensive artifact rejection and preprocessing were applied, variability in signal quality
likely reduced sensitivity to more subtle neurophysiological effects, particularly in higher-
frequency bands. The use of a closed-course test track, while critical for safety and control, did
not fully replicate the complexity, unpredictability, and social context of real-world driving. As
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such, some behavioral responses may not reflect naturalistic decision-making under actual road
conditions. Additionally, logistical constraints prevented counterbalancing of the drive order,
meaning all participants completed the impaired drive second. This introduced the possibility of
familiarity or learning effects, though the time delay and altered physiological state likely
mitigated strong practice-related gains. Nonetheless, the present study represents a meaningful
advancement over traditional simulator-based research by integrating critical real-world driving
elements, most notably, the use of an actual vehicle, bringing research closer to the ecological
validity of naturalistic driving studies (Galloway et al., 2023; Perez et al., 2024). Furthermore,
given its pilot-study design, the small sample was sufficient for the primary objective: exploring
the feasibility of conducting dosed alcohol-impairment research in a real-world driving scenario,
complemented by physiological measurements typically absent in large-scale naturalistic driving
study datasets.

Future research should continue refining physiological monitoring approaches for dynamic
driving environments. Larger studies are needed to better characterize the full range of alcohol-
induced physiological changes across diverse populations and to clarify the temporal relationship
between physiological signals and behavioral impairment, particularly to assess whether such
signals can serve as early indicators of risk. Improving EEG data acquisition in motion-heavy
settings remains a critical challenge, likely requiring advancements in electrode technology,
secure headgear design, and artifact-resistant preprocessing techniques.

A critical direction for future research involves translating physiological insights into real-world
intervention strategies. Beyond detection, studies should examine how continuous monitoring
can enable actionable feedback, alerts, or integrated systems that promote compliance and help
prevent impaired driving before it occurs.

CONCLUSIONS

To date, only a handful of studies globally have combined controlled alcohol dosing with real
driving on closed-course test tracks, all but one of which were conducted outside North America
(Peck et al., 1986). To the best of available knowledge, this study represents the first alcohol-
dosing driving experiment of its kind, i.e., one that integrates a comprehensive suite of wearable
physiological sensors, including cardiac, respiratory, and neural monitoring, alongside real
vehicle control data to capture multimodal signatures of alcohol impairment during experimental
driving.

This work demonstrates both the potential and the complexity of leveraging physiological
monitoring in operational driving environments. It establishes that, under carefully controlled
experimental conditions, wearable sensors can be deployed to track dynamic physiological
changes during the driving phases, capturing aspects of impairment that may not be readily
observable from behavior alone.

However, the findings also reinforce a critical reality: that alcohol impairment is inherently
multidimensional and variable across individuals. The integration between multiple
physiological streams and driving performance, therefore, offers a promising pathway for future
in-vehicle monitoring systems. Importantly, some of these signals may serve as early indicators
of impairment, emerging before overt driving performance deteriorates. Doing so reliably at
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scale, however, will require substantial advances in sensor design, signal processing, and
context-aware analytics.
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APPENDIX A. POST IN-VEHICLE SESSION SURVEY (BIG BRAIN)

The following questions were asked at the end of the impaired in-vehicle session.

What do you think your BAC is right now?

Responses to in-car alcohol warnings

Using the scale of 1 = Strongly Disagree to 7 = Strongly Agree please indicate your level of
agreement with the following statements.

I am currently over the legal limit for alcohol

1 2 3 4 5 6 7
Strongly Neutral Strongly
Disagree Agree

I am too impaired by alcohol to drive safely

1 2 3 4 5 6 7
Strongly Neutral Strongly
Disagree Agree

Despite the alcohol I have consumed today, I'm still safe to drive

1 2 3 4 5 6 7
Strongly Neutral Strongly
Disagree Agree

I would not drive under any circumstances right now

1 2 3 4 5 6 7
Strongly Neutral Strongly
Disagree Agree

Willingness to drive under different scenarios

Using the scale from 1 = Highly Unlikely to 7 = Highly Likely please indicate the likelihood that
you would drive in the following scenarios based on your current level of impairment.
You leave a bar by yourself late at night that is only a short drive from where you live

1 2 3 4 5 6 7
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Highly Neutral Highly

Unlikely Likely
7. You leave a bar with two friends who have asked you to drive them home

1 2 3 4 5 6 7

Highly Neutral Highly

Unlikely Likely
8. You call an Uber but the nearest one is 30 minutes away

1 2 3 4 5 6 7

Highly Neutral Highly

Unlikely Likely

Responses to in-car alcohol warnings

An alcohol sensor in your vehicle detects alcohol on your breath after a night out and advises you not to
drive as you may be impaired by alcohol. Based on your current level of impairment, how likely are you
to do the following:

9. Call an Uber and plan to pick your car up the following day

1 2 3 4 5 6 7
Highly Neutral Highly
Unlikely Likely

10.  Ignore the warning and drive anyway

1 2 3 4 5 6 7
Highly Neutral Highly
Unlikely Likely

11. Wait in your car until the alcohol sensor indicates you 're safe to drive

1 2 3 4 5 6 7
Highly Neutral Highly
Unlikely Likely

12. Take a nap in your car then drive home later
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1 2 3 4 5 6 7

Highly Neutral Highly
Unlikely Likely

13.  Based on your current level of impairment, how would you react if your vehicle prevented you
from driving? For example, an ignition interlock device that prevents you from driving if an
alcohol sensor detects a certain amount of alcohol on your breath.
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