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Abstract
Drowsy driving remains a persistent cause of road crashes, and camera-based
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that combines eye closure, yawning and head pose into one interpretable
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implemented the framework in Python and evaluated it in three ways. On
eight unseen subjects of the MRL Eye dataset (17,983 images, subject-
independent split), the eyestate component reached an accuracy of 0.934, F1-
score of 0.926, MCC of 0.871 and ROC-AUC of 0.987, with the largest
losses for eyewear (F1 0.875) and strong reflections (F1 0.758). An
automated simulation test confirmed that blinks and speech-like mouth
openings did not trigger alerts while sustained drowsiness escalated to the
critical level. In two logged live sessions (about 10 minutes), none of the 41
blink-length closures (shorter than 0.5 s) triggered the microsleep override; all
22 closures of 2.0 s or longer triggered the critical warning, and the complete
pipeline ran at 54.7-86.2 frames per second on a laptop CPU. The results
support the feasibility of a transparent, CPU-only multi-cue design and
identify detection latency for gradual drowsiness as the main parameter to
tune in drivingdata validation.

1. INTRODUCTION

Driving is a sustained-attention task, and the
ability to sustain attention degrades as sleep
pressure builds. The degradation appears
gradually: longer and slower blinks, periods of

partial eyelid closure, repeated yawning, a head
that drifts forward and is jerked back, and
eventually brief lapses in which the eyes stay
closed for a second or more. All of these are
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visible to an in-cabin camera, which is why
camera-based monitoring has become the
dominant approach to non-intrusive drowsiness
detection (Kolus, 2024; Fonseca & Ferreira,
2025). Electrodermal signals such as EEG
remain the laboratory reference for vigilance
(Balam, 2024; Divvala & Mishra, 2024;
Obaidan et al., 2024; Zayed et al., 2024; Feng et
al.,, 2025; Lu et al., 2025; Zayed et al., 2025;
Rahman et al.,, 2026; Xu et al., 2026), and
cardiac, electrodermal, radar and thermal
sensing have also been studied (Alguindigue et
al., 2024; Fujiwara et al., 2024; Jiao et al., 2024;
Siddiqui et al., 2024; Lopez et al., 2026; Nomura
et al., 2026; Vaussenat et al., 2026). Ayas et al.
(2026) combined driving performance with
physiology to separate drowsiness from high
cognitive load. These approaches, however,
require electrodes or dedicated hardware (El
Sahmarany et al., 2026), whereas many vehicles
already have a single low-cost camera.

A camera observes behavior, not sleepiness, and
every visual cue has innocent look-alikes. A blink
resembles the start of a microsleep, talking and
laughing open the mouth, and a mirror check
moves the head. A detector that reacts to single-
frame events produces frequent false alarms,
which drivers soon learn to ignore; a detector
tuned to avoid them may warn too late. The
problem addressed here is therefore not whether
eye, mouth and head cues can be measured, but
how to turn noisy per-frame measurements into
a decision that separates brief events from
sustained drowsiness, remains interpretable,
runs on ordinary hardware, and is validated on
people the system has not seen.

The combination of eye, mouth and head cues
is not new, and we do not claim it as a
contribution. Recent studies combine eye and
mouth features (Florez et al., 2024; Makhmudov
et al., 2024; Essahraui et al., 2025; Ersoy et al.,
2026) and, in at least one low-light system, head
tilting, blinking and yawning with temporal
factors (Saxena et al., 2026). This study
contributes a lightweight temporal multi-cue
decision framework whose every step is explicit
and inspectable. Specifically, the paper makes
four contributions:

e C1. Temporal evidence functions for each cue

that convert frame-level EAR, MAR and head

angles into bounded evidence using duration
constraints, so that blinks, speech, and brief
head movements do not raise the score (Section
3.3).

¢ C2. A transparent fusion rule with non-
negative weights summing to one, a landmark-
quality gate, and a fourlevel alert policy with
persistence, hysteresis and a microsleep override
(Sections 3.4-3.5).

¢ C3. A subject-independent evaluation of the
eye-state component on MRL Eye, including per-
subject and per-condition analysis (Section 5.1).
¢ C4. Verification of the complete CPU-only
pipeline through an automated simulation test
and logged live sessions, reporting alert behavior
and throughput (Sections 5.2-5.4).

The study addresses five research questions.
RQI: How accurately does the eye-state
component detect eye closure on unseen
subjects? RQ2: How robust is it to eyewear,
reflections and lighting? RQ3: Does the
temporal decision layer suppress isolated events
while escalating sustained drowsiness! RQ4:
Does the progressive alert mechanism behave as
designed in live use! RQ5: Can the complete
pipeline run in real time on a CPU without a
GPW?

Section 2 reviews recent work and the gap it
leaves. Section 3 presents the framework,
Section 4 the materials and evaluation protocol,
and Section 5 the results. Sections 6 to 8 discuss
the findings, their limitations and ethical
aspects, and Section 9 concludes.

2. Related Work

2.1 Vision-Based Detection and Single Cues
Two systematic reviews frame current practice:
Kolus (2024) surveyed eye-activity measures, and
Fonseca and Ferreira (2025) reviewed deep-
learning models, together documenting a shift
from handcrafted geometric measures to learned
representations and a wide spread of datasets
and protocols. Primary studies range from
classical pipelines with Haar and HOG features
(Quiles-Cucarella et al., 2024) and landmark-
based machine learning (Essel et al., 2024;
Essahraui et al., 2025; Delwar et al., 2025) to
deep models designed for driver-assistance
systems (Yang & Yi, 2024; Vidyanathan Dixith
et al., 2025), lIoT-oriented designs (Das et al.,
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2024), complete alerting systems (Bhanja et al.,
2025; Alvarez Oviedo et al., 2025) and related
tasks such as driver identification (Diaz-Santos et
al., 2024), multimethod detection for
automated vehicles (Beles et al., 2024),
abnormal-expression detection (Yao et al., 2024)
and supervised-learning frameworks over
extracted features (Harb, 2025).

Eye closure is the most frequently used cue. The
eye aspect ratio (Soukupovd & Cech, 2016;
foundational reference) and PERCLOS (Dinges
& Grace, 1998; foundational reference) remain
standard measures; recent work proposes
adaptive eye ratios (Lamba et al., 2025), grades
fatigue by the ratio of eye opening to closing
(Zhao et al., 2025), and classifies eye crops with
transfer-learning and custom CNNs (Madni et
al.,, 2024; Salem & Waleed, 2024,
Venkateswarlu & Ch, 2024; Jebraeily et al.,
2024; Ramzan et al., 2024). Hassan et al. (2025)
reported 99.15% eye-state accuracy with a Vision
Transformer on MRL Eye using an 80/20 image
split, with a real-time loop that raises an alarm
after a fixed count of closed-eye frames. Yawning
is slower and more ambiguous: MAR is cheap
and has been combined with CNN eye classifiers
on embedded hardware (Florez et al., 2024), but
talking and singing, which YawDD deliberately
includes (Abtahi et al.,, 2014; foundational
reference; frame-level labels in Mujtaba et al.,
2025), open the mouth repeatedly. Ersoy et al.
(2026) calibrated driver-specific EAR and MAR
thresholds and reported a 2-3% accuracy gain
over fixed thresholds. Head pose appears mostly
as an auxiliary or distraction cue (Hollosi et al.,
2024; Ciesla & Ostermayer, 2024; Kazemi et al.,
2025; Hollosi et al., 2025), although forward
droop and nodding are classic signs of sleep
onset; pose is usually estimated by solving a
perspective-n-point problem (Lepetit et al., 2009;
foundational reference).

2.2 Deep, Lightweight and Temporal Models
Transformers and attention models dominate
recent accuracy gains (Jarndal et al., 2025; El-

Nabi et al., 2025; Hassan et al., 2026; Nurnoby
& El-Alfy, 2026), alongside hybrid CNNs (Al-
Gburi et al.,, 2025a, 2025b), semi-supervised
learning from facial cues (Rahmani et al., 2026)
and multimodal fusion with ear-EEG or
uncertainty estimation (Mai et al., 2025; Zhang
et al., 2025). Saxena et al. (2026) used attention-
augmented  InceptionV3  with  lowlight
enhancement and explainability tools. A parallel
line pursues efficiency: joint face and landmark
localisation (Wu et al., 2024; Huang et al,,
2026), detectors robust to difficult lighting (Liu
et al., 2025), lightweight CNNs (Venkateswarlu
& Ch, 2024), handcrafted features for edge
devices (Owen & Surantha, 2025), compact
attention networks with edge deployment
(Hussein et al., 2026) and reconfigurable
embedded  systems  (Belakhdhar, 2026).
Temporal modelling is either learned, as in
inception-attention time models (Lee et al.,
2025), video models over key facial features
(Yang et al., 2024), recurrent multimodal
models (Huang et al., 2024) and the temporal
deep belief network proposed with the NTHU-
DDD benchmark (Weng et al, 2017
foundational reference), or rule-based, typically
as consecutive-frame counters and PERCLOS
windows. Multi-cue systems often fuse cues
inside a classifier or ensemble (Xu et al., 2025),
making it hard to see which cue produced a
given alert.

2.3 Research Gap

Table 1 summarizes representative studies and
Table 2 the gaps this study targets. Across the
reviewed work, strong perframe classifiers are
often followed by simple counters; fixed
thresholds are known to transfer poorly between
individuals; image-level random splits can place
the same person in training and test data; and
runtime is reported on heterogeneous hardware.
What remains insufficiently examined is a
transparent, reproducible decision layer that
combines the three cues over time, is evaluated
on unseen subjects, and runs on a CPU.
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Table 1. Representative 2024-2026 studies (reported figures are those of the original authors).

Study Year | Cues/signals Method family
ViT, Swin, CNNs
Hassan etal. | 2025 | Eye state (99.15% on MRL
Eye)
) ) InceptionV3 +
Saxena et al. 2026 Head tilt, blink, attention, low-light
yawn
transformer
Ersoy et al 2026 EAR, MAR, | Personalized
(preprint) PERCLOS, head | thresholds + CNNs
Florez et al. 2024 | Eyes, MAR CNN + MAR
Makhmudov et 2024 Yawning, Y€ | ) tochine learning
al. state
Lamba et al. 2025 Ad’a pive Y€ | Geometric
ratio
Xu et al. 2025 Hybrid frtal Ensemble learning
features
Yang et al. 2024 Key facial Video deep model
features
Inception-
Lee et al. 2025 Temporal attention time
sequence
model
Wu et al. 2024 | Face + landmarks | Joint localization
Jarndal etal. | 2025 | Facial images Vision Transformer
Hussein et al. | 2026 | Facial images Compact dual
attention
Owen & 1025 Handcrafted Classical CV
Surantha features
Kasemietal | 2025 Eye tracking + Refldin‘ess
head pose estimation

Table 2. Research gaps and this study's response.
Gap

Evidence

Counters after strong classifiers
(Hassan et al., 2025); fusion inside
classifiers (Xu et al., 2025)

Opaque or hand-tuned
decision rules

Isolated
alarms

trigger | Blinks, speech and glances resemble

drowsy behavior (Abtahi et al., 2014)

events

Deployment
focus

Webcam loop

Low light

Real time

Embedded

Real time

Road safety

Efficiency
Real time

Edge,

calibration
Edge devices

Automated
driving

Response here

Relevance to this
study

Strong classifier;
counter-based
decision

Closest  multi-cue
temporal system;
heavier model
Threshold

personalization (+2-

3%)

Eye + mouth; no
head cue

Two-cue design

Adaptive single cue

Fusion inside
classifier

Learned  temporal
model

Learned  temporal
model

Efficient front-end

Transformer cost on

CPU
Edge reference

Supports geometric
design

Head  pose in
monitoring

Explicit per-cue evidence, convex
fusion, logged and inspectable scores

Blink filter, yawn duration rule, yaw
gating, persistence and hysteresis
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Gap Evidence

Response here

Person leakage in| 80/20 image splits are common | Subject-independent split on MRL

evaluation (Hassan et al., 2025) Eye; per-subject reporting
Fixed thresholds | Lamba et al. (2025); Ersoy et al.|Calibration phase; per-subject and
generalize poorly (2026) per-condition analysis

al. (2026)

reporting

Heterogeneous runtime | Owen & Surantha (2025); Hussein et | Full pipeline measured on a CPU-

only laptop

Single on/off alarms

(2025)

Bhanja et al. (2025); Hassan et al. | Four-level policy with microsleep

override, verified in logs

3. Proposed Framework

3.1 Overview and Architecture

The framework rests on one principle: no single
frame should be able to trigger a warning. A
frame contributes measurements; only persistent
patterns in those measurements contribute
evidence; and only persistent evidence changes
the alert level. Two exceptions are deliberate. A
continuous eye closure longer than a critical
duration escalates directly to the critical level,
because a microsleep at speed is dangerous
whatever the other cues say, and a drop in
landmark quality holds the score instead of
feeding it unreliable values.

Figure 1 shows the architecture. Frames from an
in-cabin camera are resized to 640 x 480 pixels
and passed to Media Pipe Face Land marker,
which fits a 478-point face mesh based on the
real-time facial geometry model of Kartynnik et
al. (2019; foundational reference). Three cue
modules turn landmark subsets into bounded
evidence values E(t), Y(t) and H(t) in [0, 1]; a
fusion layer combines them into a drowsiness
score D(t); and a decision layer maps D(t) to alert
levels 0-3 and drives audio and voice output. A
short calibration phase at start-up, during which
the driver sits normally with eyes open and looks
ahead, establishes the neutral head pose and per-
driver baselines.

3
In-cabin camera Acquisition & Face detection & Quality gate q(t)
(RGB / NIR) preprocessing 478-point landmarks (visibility, pose)

J

calibration

Eye module Mouth module Head module baselines

EAR - closure, PERCLOS, MAR — yawn events PnP - yaw, pitch, roll; (u. o, poseo)
closure run-length — E(t) (duration, shape) — Y(t) nods, sustained droop = H(t)

Temporal fusion & scoring
D(t) = wiE(t) + w2Y(t) + wsH(t), quality-gated, smoothed

Decision layer: levels 0-3, ,
|\ persistence + hysteresis 1 [

Alert manager:
chime + voice, cooldown

Logger (no video stored
1 [ by default) J

Figure 1. System architecture. Frame-level perception feeds three cue modules whose evidence
streams E(t), Y(t) and H(t) are fused into a quality-gated score D(t); the decision layer maps D(t) to
alert levels 0-3. Calibration baselines are estimated at start-up.
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(a) input frame + face box

(b) dense mesh (478 points)

Eye subsets
L: 33,160,158,133,153,144
R: 362,385,387,263,373,380

Inner-lip subset
78,81,13,311,308,402,14,178

Pose anchors
1,152,33,263,61,291

(c) subsets used by the cue modules

Figure 2. Face detection and landmark extraction: (a) face localization, (b) the 478-point mesh, (c) the
landmark subsets used by the eye, mouth and head-pose modules.

3.2 Frame-Level Measurements

Eye closure. Six landmarks per eye (Figure 3)
define the eye aspect ratio (Soukupovd & Cech,
2016; foundational reference):

EAR - P2 —pell +llps —ps
2||p1 — p4ll (1)

where p; and p4 are the eye corners and p,, ps,
pes, Ps lie on the upper and lower lids (mesh
indices 33, 160, 158, 133, 153, 144 and 362,
385, 387, 263, 373, 380). The numerator falls

invariant. When the head turns, the far eye is
foreshortened, so both eyes are combined with
visibility weights v; and vy returned by the mesh
model,

v, EAR s + v EARR

and the result is smoothed with an exponential
moving average (EMA), where 8 controls how
much of the previous value x.—; is retained:

toward zero as the lids meet while the eye width E =0 1+ (11— 0)x, 0<p<l 3)
changes little, so the ratio is approximately scale-
EAR =
(lp2—p6] + [p3—p5l)
/(2|p1-p4|)
p2 p3
p6 p5

p6 p5

blue: vertical

green: horizontal

open eye: vertical distances large = EAR high  closing eye: vertical distances shrink =+ EAR low

Figure 3. Eye aspect ratio. Vertical lid distances (blue) shrink during closure while the horizontal
width (green) stays nearly constant.

Yawning. The mouth module uses eight inner-
lip landmarks (78, 81, 13, 311, 308, 402, 14,
178; m;-mg in Figure 4):

MAR =

[lma — ms|| + [lmg —maz || + [lmg — mg|

3 [lmy — ms||

(4)

where m; and mg are the inner mouth corners
and the numerator terms are vertical openings at
the left, center and right. Inner-lip points are
preferred because the outer contour moves with
smiling even when the mouth is closed.
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yawn: long, high plateau - event

w SN [ O [ Y S

m8 mé

MAR = (|m2—m8] +|m3—m7|+|m4-m6]) / (3|m1-m5])

Figure 4. Mouth aspect ratio. Left: inner-lip landmarks. Right: illustrative schematic (not measured
data) contrasting a yawn, a long high plateau accepted as an event, with talking, short bursts rejected
by the duration rule.

Head pose. Six mesh points (nose tip 1, chin
152, eye corners 33 and 263, mouth corners 61
and 291) are fitted to a generic 3-D face model
with a perspective-n-point solver (Lepetit et al.,
2009; foundational reference):

slu; v 11" =K[R|t][X; Y; Z, 1]", i=1, ..

5)

where (u;, v)) are image coordinates, (X;, Y,, Z)
the model coordinates, K the camera matrix
(focal length approximated by image width when
calibration is unavailable), R and t the rotation

and translation, and s a scale factor. Pitch 0, yaw
Y and roll @ follow from the elements r; of R,

0= atan2(rys, ryz), Y= at;m?( 31, \,f iy iy ) ¢ =atan2(ryy, 1)

(6)
and are expressed relative to the neutral pose

(B0, Yo, o) estimated during calibration (Figure
5):

Agi = é.', — Oy,
(7

Azlu = J’t - ¢Os

Pitch @ (rotation about x) |-

head drops forward; nodding
- primary drowsiness evidence

X Yaw y (rotation about y) -

looking sideways / mirrors
- distraction; gates eye cue

Roll ¢ (rotation about z) -

head tilt toward shoulder
- secondary evidence

camera-centred axes

Figure 5. Head-pose estimation. Pitch captures forward droop and nodding (primary drowsiness
evidence); yaw captures sideways glances (used to gate the other cues); roll captures lateral tilt
(secondary evidence).

3.3 Temporal Evidence

Temporal analysis separates everyday behavior
from drowsiness. Blinks last a few hundred
milliseconds, a spoken syllable opens the mouth
for a fraction of a second, and a mirror check
turns the head for a second or two, whereas

drowsiness accumulates as longer closures,
repeated yawns and persistent droop (Figure 6).
Eye evidence. Closure and its current duration
are
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szl[m<w], Lt:(Lf—1+1)Ct(8)

where ¢, = 1 when the smoothed EAR is below
the threshold Tz and L. counts consecutive
closed frames (converted to seconds). PERCLOS
is computed over a window of Ny frames
counting only closures longer than a blink cut-
off By, a deliberate modification of classical

PERCLOS (Dinges & Grace, 1998):

t

PERCLOS, =

Wikt "Ny +1

cp Ly = Liink]

©)

where L* is the length of the closure run
containing frame k. Eye evidence combines slow
accumulation with the current event:

B )\min(l, PERCLOS;

(10)

where P, and L,,,, are the PERCLOS level and
closure duration, treated as full evidence and A
balances the two terms.

Yawn evidence. A yawn event j over [a;, by is
accepted only when the smoothed MAR stays
above Ty throughout, the interval lasts at least dy
seconds, and the peak exceeds kTy with k> 1:

o B

. Ly
Pos )+ (1 ‘*)mm(l’m

yawn; < MAR, > 7y Vi€ laj, b;], bj—a;>dy, max MAR

(11)

Speech produces short, shallow openings that
fail the duration conditions. Because yawning is
a slow sign, its evidence decays over minutes,
with decay constant Ty and Ny recent yawns
treated as full evidence:

Y, —min(l, N%Z e(fb_,-)/n—)

dibjst (12)
Head evidence. A frame is flagged as a drowsy
posture when the head has dropped forward
without a large sideways turn, or is strongly

tilted:

he =1[A0; >7p A |A| <7y V 1| Ad| > 75]

(13)

where Tp, T_ and Ty are pitch, yaw and roll
thresholds. Sustained droop (flagged runs R, of
at least dy; seconds) and nod events (a fast pitch
drop followed by recovery) form the head
evidence, with n,.4(t) nods in the window, N4
nods treated as full evidence and a balancing the
terms:

t

H,=cxi\}—t Z

hy 1Ry = dy| + (1 — C):) min(l,
W=t “Nw+1
(14)

4¥nod

Thod (t)

Lit) ____/ ______________________________________ biink
A A ”
PERCLOS W J

time -+ Blinks sharter than L_blink never raise E(t): sustained closure and rising PERCLOS do.

Figure 6. Temporal processing (illustrative schematic, not measured data). Closure indicator c(t),
closure run-length L(t) and blink-filtered PERCLOS: blinks shorter than L., do not contribute;
long and sustained closures raise both components of the eye evidence.

iE[aJ'.bj]
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3.4 Multi-Cue Fusion and Quality Gating

The three evidence streams are smoothed,
clipped to [0, 1] and combined by a convex
weighted sum:

DY =w By 4w Y, +ws Hy, w; 20, wy+ws+wyg=1
(15)
The convex form keeps D on the same scale as
its inputs, so thresholds have a stable meaning,
and it lets anyone read how much each cue
contributed to an alert. In the prototype, the
weights were set to w = (0.55, 0.15, 0.30), giving
the eye cue the largest share because eyelid
behavior is the most direct visual correlate of
reduced vigilance (Kolus, 2024), and the yawn
cue the smallest because yawns are rare and
ambiguous. Landmark quality g, computed
from mesh visibility and reduced when the head
is turned far to the side, gates the update so that
the score holds its previous value when
measurements are unreliable:
Dy=q D™ + (1 —q) Dy 1, q: €0,1]
(16)

3.5 Decision and Progressive Alerts
The decision layer maps D, to a level ¢, € {0, 1,
2, 3} using entry thresholds 6; < 0, < 83, a

persistence time T,, for escalation, and a
hysteresis margin § with release time T for de-
escalation:

f{{*k‘- if Ei,1<k and D. >0, \/TE“-TDH,!,J
(17)

O+—k—1 if £_1=Fk and D, <6, —§ Vre [t — Ty, t]
(18)

Escalation requires the score to stay above a
threshold, so one noisy spike cannot cause an
alert; de-escalation requires the score to fall
clearly below it, so the level does not oscillate
near a boundary. In addition, a continuous eye
closure of L., = 2.0 s or longer sets £, = 3
immediately (microsleep override). Each level
has its own tone and spoken message (Figure 7),
written so that the advice escalates without ever
implying that continuing to drive while sleepy is
acceptable: Level 1, "Warning: signs of
drowsiness detected. Please remain alert."; Level
2, "You appear to be drowsy. Please consider
stopping at a safe location."Level 3, "Please stop
driving and park the vehicle safely before
resting." Voice alerts are not new in themselves;
the contribution is their coupling to a graded,
persistence-controlled score.

No alert. Monitering continues.

escalate:
& Soft chime + voice: "Warning: signs of drowsiness D = Bk for T_on
leel e = gy Lisilliy, detected. Please remain alert.”

de-escalate:
D<B-0

“a for T_off
microsleep

H j Louder tone + voice: "You appear to be drowsy. override:
Level 2 - High drowsiness Please consider stopping at a safe location.” Lt) = L_crit

- Level 3

™
{ Level 3 - Critical ] [

Repeating tone + voice: “Please stop driving and park
the vehicle safely before resting.”

Figure 7. Progressive alert mechanism. Escalation requires persistence, de-escalation requires
hysteresis, and a closure of 2.0 s or longer escalates directly to Level 3.

Table 3. Parameters of the implemented prototype.

Parameter Value

Note

points)

640 x 480 / MediaPipe
Input resolution / landmark model | Face Landmarker (478

Package version 1.0.1 reported by the
self-test
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Parameter Value Note
EAR closure threshold T 0'15 (0.17 one Displayed on the live overlay
session)
MAR opening threshold Ty 0.40 Displayed on the live overlay
Fusion weights w1, w2, w3 0.55,0.15,0.30 5C§1)r1ﬁrmed from logged scores (Section
Microsleep override L 2.0s Confirmed from logged override onsets
Minimum Level-3 duration =35 Observed in logs (3.1-3.2 s minimum)
4 Neutral posture, eyes
Calibration open, looking ahead At start-up
Audio Tone per level + offline Non-blocking thread

text-to-speech (pyttsx3)

3.6 Implementation and Complexity

The system is written in Python with OpenCV
for capture, image processing and the PnP
solver, MediaPipe for the face mesh, NumPy for
geometry and temporal state, and pyttsx3 for
offline speech. A capture thread writes the
newest frame into a one-slot buffer so that stale
frames are dropped rather than queued; an
inference thread runs perception, cue modules,
fusion and decision; and an alert thread plays
tones and speech without blocking inference.

Every processed frame can be logged to CSV
with all measurements, evidence values, the
quality term, the score, the level and the
microsleep flag. Algorithm 1 gives the per-frame
procedure. Per frame, cost is dominated by the
landmark model; EAR, MAR and fusion need a
fixed number of arithmetic operations, PnP with
six points is a small fixed-size problem, and the
temporal state is updated incrementally with
running sums, so each update is O(1) in time
and O(Ny) in memory.
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Algorithm 1: Proposed Real-Time Driver Drowsiness Detection Framework
Input: video stream V; parameters IT (Table 3)
Output: alert level #_t and score D_t for each frame; alert events

1 load face-mesh model; set PnP model points and camera matrix K

2 E,Y,H D«0; £ 0; L« 0; yawn_list < @; ring buffers for c, h

3 CALIBRATE: record neutral pose (80, Y0, ¢0) and baseline EAR/MAR

4 for each frame f_t with timestamp t:

f t < resize and colour-convert f t
(found, P, vis) «— FACE_MESH(f t)
if not found: q_t « 0; go to 14

o~ O

9 (A6, Ay, Ap) < PnP pose, eq. 5-7
10 q_t « QUALITY(vis, AYs)

12 D raw«—wl-E t+w2-Y t+w3-H t
13 D _teq tD raw+ (1l —q_t)-D_{t—1}
14  ¢_t < DECIDE(D_t, _{t—1}, history)
15 ifL_t>L_crit_t<«3

EAR_t < eq. 1-3; MAR_t < eq. 4 (+EMA)

11  E t<eq.8-10; Y t«eq. 11-12; H_t < eq. 13-14

D> microsleep override
16  if £_t changed or cooldown expired: ALERT(£_t)
17  LOG(t, measurements, E_t, Y_t, H_t,q_t, D_t, £_t)

D> eq. 15
D> eq. 16
> eq. 17-18

> non-blocking

4. Materials and Methods

4.1 Evaluation Design

We evaluated the framework at three levels, each
answering different research questions. The eye-
state component was evaluated quantitatively on
a public dataset with a subject-independent split
(RQI1, RQ2). The temporal decision logic was
verified with an automated simulation test in
which the true drowsy period is known by
construction (RQ3). The complete pipeline was
run live with a webcam and logged frame by
frame to verify alert behavior and throughput

(RQ3-RQ5).

4.2 MRL Eye Dataset and Subject-Independent
Protocol

The MRL Eye dataset (Fusek, 2018;
foundational dataset reference) contains 84,898
infrared eye crops (as reported by Hassan et al.,
2025) annotated with eye state and image
conditions, including eyewear, reflections, and
lighting. Because images of one person are
highly correlated, a random image-level split
would let a model learn individual appearance
and would overstate performance on new

drivers. The data were therefore partitioned by
subject. Six subjects (s0001, s0002, s0012,

50023, s0031, s0037) formed the validation set,
eight different subjects (s0003, s0004, s0005,
s0019, s0021, s0025, s0035, s0036) formed the
test set, and the remaining subjects were used for
training; no test subject contributed any image
to training or validation. We trained a multilayer
perceptron (MLP) eye-state classifier on the
training subjects; we selected its decision
threshold (0.48 on the output score) on the
validation subjects, then applied it once,
unchanged, to the 17,983 test images. Closed
eyes are the positive class. Results are reported
overall with 95% bootstrap confidence intervals,
per subject, and per image condition using the
dataset's own annotations.

4.3 Automated Simulation Test

A selftest script checks the implementation
before each run. It verifies the EAR and MAR
formulas on synthetic landmark sets, the PnP
solution on projected model points with known
rotation, and the temporal and alert logic on a
synthetic 120-s drive. In the synthetic drive, the
first 50 s represent an alert driver, with normal
blinks and short mouth openings that imitate
speech, and the remaining 70 s represent a
drowsy driver, with longer eye closures and two
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yawns. The script plots every signal together with
the resulting alert level, which allows direct
inspection of whether isolated events are
suppressed and sustained drowsiness is
escalated.

4.4 Live Sessions

The complete application was tun on a
Windows laptop with its builtin webcam.
MediaPipe's Python runtime on Windows
executes on the CPU, so no GPU acceleration
was involved. Two adult participants took part,
sitting in front of the camera after the
calibration phase and alternating between
normal posture, simulated drowsiness (long eye
closures, forward head drops, yawns), and
sideways head turns. Two sessions were logged
to CSV, one row per logged frame, with all
measurements, evidence values, the quality
term, the raw and gated scores, the alert level
and the microsleep flag. We also captured
sixteen screenshots of the on-screen overlay.
These sessions have no frame-level ground-truth
labels, so they are used to verify behavior and
throughput, not to estimate detection accuracy.

4.5 Metrics

Classification performance uses the standard
confusion-matrix counts, where TP, TN, FP and
FN are true positives, true negatives, false
positives and false negatives:

_ TP+TN TP
ACC = g PP T EN LT Tp P
(19)

._ TN _ 2Prec-Rec
Spec=rn T F1=Prec TRecr  FER
(20)

MOC — TP-TN — FP-FN

\/ (TP+ FP)(TP+ FN)(TN + FP)(TN + FN)

21)

Flscore and the Matthews correlation
coefficient (MCC) are the primary measures
because they remain informative when classes
are imbalanced; specificity and the false-positive
rate describe how often open eyes are mistaken
for closed ones, and ROC-AUC describes
ranking quality independently of the threshold.
Throughput is reported as frames per second,

Efralue — ZRS’ FPS = 7Nframes

TS tend - tstart

s€8 (22)
where the frame latency €. is the sum of the
latencies ¥, of the pipeline stages s € S, and

Niames frames are processed between t,q, and t.nq.

5. Results

5.1 Eye-State Classification on Unseen Subjects
(RQ1, RQ2)

Table 4 and Figures 8-9 report the eye-state
component on the eight MRL Eye test subjects.
The classifier detected closed eyes with high
sensitivity (recalled 0.972) and moderate
specificity (0.907), for an Fl-score of 0.926,
MCC of 0.871 and ROC-AUC of 0.987. Its
errors were asymmetric: 963 open-eye images
(9.3%) were labelled closed, against 215 closed-
eye images (2.8%) labelled open. For drowsiness
detection, this is the less dangerous direction,
because a missed closure delays a warning,
whereas a spurious single-frame closure is exactly
the kind of isolated event that the blink filter
and run-length requirement of Section 3.3 are
designed to absorb.

Table 4. Eye-state classification on MRL Eye, 8 unseen test subjects (17,983 images; closed eye = positive

class; threshold 0.48 chosen on validation subjects).

Metric Value
TP/ TN/ FP / EN )15

Accuracy 0.934
Precision 0.885
Recall (sensitivity) 0.972
Specificity 0.907

95% CI

7417 / 9388 / 963 /|

0.895-0.976
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Metric Value 95% CI
Fl-score 0.926 0.849-0.978
MCC 0.871 0.781-0.951
ROC-AUC 0.987 -

FPR / FNR 0.093 / 0.028 -

Eye-state confusion matrix - MRL Eye, 8 unseen subjects

Open (true)

215
Closed (true) - (2.8%)

Open (pred.) Closed (pred.)

Figure 8. Confusion matrix of the eye-state classifier on the 8 unseen MRL Eye test subjects (row
percentages in brackets).

ROC - closed-eye detection (test subjects)

1.0 A
0.8 A
(]
E
o 0.6 A
2
2
2 0.4 4
S
=
0.2 1
0.0 - —— MLP (AUC = 0.987)
010 012 014 016 018 110
False positive rate
Figure 9. ROC curve of closed-eye detection on 0.573 to 0.984. The two weakest subjects, s0021
the 8 unseen MRL Eye test subjects (AUC = and s0025, kept accuracy above 0.83 but had F1-
0.987). scores near 0.6, indicating many false closed-eye
Per-subject results (Table 5) varied considerably, predictions relative to the number of genuinely
with accuracy from 0.837 to 0.986 and F1 from closed eyes. A pooled figure hides this spread;
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this is why we wuse subject-independent
evaluation and include a calibration phase in the

framework.

Table 5. Per-subject results on the MRL Eye test subjects.

Subject Images Accuracy
s0003 679 0.951
s0004 1,069 0.953
s0005 736 0.969
s0019 6,175 0.983
s0021 987 0.837
s0025 1,502 0.883
s0035 642 0.986
s0036 6,193 0.900

t For s0004, accuracy equals recall, indicating
that almost all this subject's test images are
closed-eye; its specificity rests on very few open-
eye images and should not be interpreted.

Image conditions mattered (Table 6). With
glasses, F1 fell from 0.938 to 0.875, and with
large reflections on the eye region it fell to 0.758
(accuracy 0.830); the lighting annotation made

Recall Specificity F1

0.968 0.875 0.970
0.953 0.000+ 0.976
0.973 0.857 0.984
0.997 0.970 0.982
0.896 0.828 0.601
0.861 0.885 0.573
0.857 0.990 0.800
0.960 0.869 0.866

little difference (F1 0.928 for poor and 0.919 for
good lighting). The small-reflection subgroup
contains only 305 images, so its estimate is
imprecise. These results support the design
choice to weight eye evidence by landmark
quality and to let the head and yawn cues carry
more of the decision when the eye cue is

degraded.

Table 6. Eye-state results by image condition (MRL Eye annotations).

Condition Value
Glasses No
Glasses Yes
Reflections None
Reflections Small
Reflections Big
Lighting Bad
Lighting Good

5.2 Temporal Logic on a Simulated Drive
(RQ3)

All selftest checks passed: EAR and MAR
formulas, PnP head pose, temporal logic and
alert levels, MediaPipe installation and model
file. Figure 10 shows the simulated drive. No
alert was raised during the 50-s alert phase, so
the blinks and speech-like mouth openings did
not accumulate evidence. The two yawns in the
drowsy phase raised Y and the fused score but,

Images Accuracy F1

14,220 0.944 0.938
3,763 0.900 0.875
16,211 0.945 0.940
305 0.902 0.722
1,467 0.830 0.758
15,220 0.935 0.928
2,763 0.931 0.919

on their own, did not cross the first alert
threshold. As longer closures accumulated, the
system escalated to Level 1 at approximately 100
s, Level 2 at approximately 103 s and Level 3 at
approximately 116 s (times read from the plot).
The first alert therefore came about 50 s after the
simulated onset of drowsiness. This conservative
response prevents false alarms, but such a delay
would be too long if it reflected real drowsiness
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onset, so detection latency is the main quantity
to tune.

Self-test: SIMULATED drive (not real data) - alert 0-50 s, drowsy 50-120 s

| T W

T

L

EAR

0.75 A

o 0.50 A
<

EIE 11 B N T S

—E —Y —H —D

T T T T T T T

= alert level
simulated drowsy

T T

0 20 40 60 80 100 120
time (s)
Figure 10. Automated self-test on a simulated 120-s drive (synthetic signals, not real data). From top:
EAR, MAR, cue evidence E, Y, H with fused score D, and alert level against the simulated drowsy
period (grey).

5.3 Live Sessions and Alert Behaviour (RQ3, all four alert levels and two microsleep events,
RQ4) and Table 7 lists values read from the overlay.
Figure 11 shows representative frames from the Figure 12 plots the first logged session in full and
live application, including the calibration phase, Table 8 summarises both logged sessions.

LEVEL 2: HIGH DROWSINESS

D = 0.44

LEVEL 3: CRITICAL

Eye Open

(L: 0.50, R-0.47), P: (0.56, 0.62)
18.9%, Pitch: -14.2*
i

18.9 FPS ot 16.4 FPS

(e) Level 3, microsleep, closure 2.6 s (f) Level 3, yaw ~36°, q = 0.45 (g) Level 3, D = 0.30 (h) Level 1, D = 0.30
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Figure 11. Live prototype (screenshots,
participants' faces shown with consent). (a)
Calibration; (b)-(d) Levels 0-2; (e) Level 3 from

the microsleep override after a 2.6-s closure; (f)

Level 3 with the head at yaw —36°, where quality
drops to about 0.45; (g)-(h) the same score D =
0.30 shown with Level 3 and Level 1, illustrating
that the level depends on its history.

Table 7. Selected values displayed by the live prototype (read from screenshots; MS = microsleep

override active).

Level D E Y H  EAR()  PERCLOS Closure (s) }Z;“’h / yaw / roll
0 0.18 [0.09 0.07 |0.40 0.32(0.15) 0.02 0.0 +11/+7/ -9
1 041 048 [0.09 |0.40 |0.30(0.15) 0.10 0.0 +2/+13 /-9
1 0.30 0.33 0.02 040 0.22(0.15) 0.07 0.0 +1/+7/ =1
2 0.44 052 [0.06 |0.50 |0.36(0.15) 0.11 0.0 +17/+6/ =5
2 0.55 0.70 [0.04 |0.53 |0.33(0.15) 0.21 0.0 +10/+13 /=16
3 030 033 [0.02 |0.40 |0.24(0.15) 0.07 0.0 +7/+8/ =1
3(MS) 0.68 | 1.00 |0.05 |0.40 0.05(0.15) 0.24 2.6 +11/+6/ =8
3(MS) 0.58 [ 1.00 022 0.00 0.12(0.17) 0.37 5.6 +6/ =36/ +5
Logged live session 1 (437.7 s, real webcam data)
— 0.6 no face detected
g 0.4 1
8 'ﬁ \ o
e |l tﬂ HMMWH ww Y ek
£ 0.2 1 | I Lrwu ‘ H l 2215
T e
0.0 T T T T T
— p.itch — yaw \(l\ 1
= J‘| (Y|Tar ﬂwjbjw ' e ity L[ " '\I . fl | .Hr.'{h\
g o TR P, ﬁf :
il [ \ L Y _vj‘"|,
-50 T
1.00

D (fused)

evidence / score
o
w
o

0.25 1
0.00
34 A\ A Yy v v v vy v vy
g
2 24
£
414
o
0+ ¥ T - . ‘ icrosleep override
0 100 200 300 400

time since logging started (s)

Figure 12. Logged live session 1 (real webcam data, 437.7 s). From top: smoothed EAR with the
closure threshold (grey: no face detected); pitch and yaw; evidence E, Y, H and fused score Dj alert
level with microsleep-override events (triangles).
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Table 8. Summary of the two logged live sessions (computed from the CSV logs; descriptive, no ground-
truth labels).

Quantity Session 1 Session 2
Logged duration (s) / logged frames 437.7 / 5,590 161.3 / 1,347
Frames with a face detected (%) 92.8 97.9

Mean quality q / frames with q < 0.5 (%) 0.878 /9.2 0919 /4.1

Time at Level 0/ 1/ 2/ 3 (%)
Eye closures: total / <0.5s/>1s/>2s

253/1224/395/12.8 (6.1/67.3/6.7/20.0
58/28/21/13 28/13/14/9

Longest continuous closure (s) 7.7 5.7

Microsleep overrides (closure at trigger, s) 13 (2.00-2.07) 9 (2.00-2.13)
Level-3 episodes, median duration (range) (s) |13, 3.4 (3.1-9.0) 9,3.2(3.2-6.4)
Maximum fused score D 0.768 0.592

Median |D,,, — (0.55E + 0.15Y + 0.30H) | 0.0008 0.0013

The logs support five observations. First, the
fused score follows Equation 15 with w = (0.55,
0.15, 0.30): the median absolute difference
between the logged raw score and this weighted
sum is 0.0008-0.0013, with larger differences
only during rapid changes, where evidence
smoothing lags. Second, the blink filter and
microsleep override behaved as designed: none
of the 41 closures shorter than 0.5 s triggered the
override, while all 22 closures of 2.0 s or longer
did, at closure lengths of 2.00-2.13 s. Third,
every Level-3 episode was entered through the
override, and the fused score never exceeded
0.77, so in these sessions the critical level was
reached by long closures and not by accumulated
evidence alone. Fourth, levels depended on
history, as intended: identical evidence (D =
0.30) appeared with Level 3 and with Level 1,
and Level 3 lasted at least about 3 s after each
override before de-escalating. Fifth, the quality
term fell to about 0.45 when the head turned to
yaw —36°, and head evidence stayed near zero in
session 2 (mean H = 0.008), where the head was
mostly turned sideways (median yaw —12°)
rather than dropped forward, which is
consistent with the yaw-gating rule of Equation
13.

The eye evidence also decays more slowly than
the eyes reopen. In the Level 2 frame with EAR
0.33, E remained 0.70 because PERCLOS (0.21)
still reflected the preceding closures. This is
intended, because drowsiness does not vanish

when the eyes open, so warnings persist for a
while after recovery.

5.4 Real-Time Performance (RQ5)

The frame rate displayed by the running
application ranged from 54.7 to 86.2 FPS across
the fifteen screenshots in which it was legible
(median 77.1 FPS). These readings cover the
complete  pipeline, including landmark
extraction, the three cue modules, fusion,
decision and overlay rendering, on a laptop
CPU. They are well above 15 FPS, the rate at
which the temporal resolution of closure
measurement (about 67 ms per frame) remains
adequate for blink-length events. The readings
are instantaneous values rather than a controlled
benchmark; repeated-replay measurements of
per-stage latency, CPU utilization, and memory
on several devices remain part of future work.

6. Discussion

Eye-state component (RQ1, RQ2). On subjects
it had never seen, the eye-state classifier reached
an Fl-score of 0.926 and ROC-AUC of 0.987.
These values are lower than the 99% accuracies
often reported for MRL Eye (e.g., Hassan et al.,
2025), but the protocols differ: an image-level
80/20 split lets images of the same person
appear on both sides, whereas the subject-wise
split used here measures generalization to new
people, which is what a deployed system faces.
The per-subject spread (F1 0.573-0.984) and the
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losses with glasses and reflections are the more
informative findings. They show that a single
fixed model can serve most drivers well and a few
poorly, which supports per-driver calibration of
the kind proposed by Lamba et al. (2025) and
Ersoy et al. (2026), and they confirm that
eyewear and specular reflections remain the
main visual obstacle, consistent with the low-
light and imaging-robustness focus of recent
work (Liu et al.,, 2025; El-Nabi et al., 2025;
Saxena et al., 2026).

Temporal decision layer (RQ3). The simulation
and the live logs agree on the central design
claim: short events did not generate alerts, and
sustained closure did. None of the 41 blink-
length closures in the live sessions triggered the
override, and no alert occurred during the
simulated alert phase despite blinks and speech-
like mouth movement. The same evidence also
exposes the main weakness of the current
settings. In the simulation, the first alert came
about 50 s after the drowsy phase began, and in
the live sessions the fused score never reached
the critical threshold on its own; all critical alerts
came from the 2.0-s override. The score-based
path is therefore conservative, and most
protection against sudden sleep currently comes
from the override. This is a safe failure mode
with respect to false alarms, but it may delay
warnings for gradual drowsiness and lowering
the entry thresholds or shortening the
PERCLOS window are the first adjustments to
test.

Alert policy (RQ4). The logs show that the four-
level policy behaves as specified: levels depend
on history rather than on the instantaneous
score, Level 3 is held for a consistent minimum

Table 9. Limitations and their expected effect.
Limitation Expected effect

No labelled drowsiness
evaluation of the full

framework

Eye-state results from one | Generalization
dataset and one classifier uncertain
Conservative score

thresholds

to

Late warnings for gradual drowsiness

of about 3 s, and quality gating reacts to large
head turns. Because eye evidence decays slowly,
warnings persist for some time after the eyes
reopen. Whether this is desirable is a human-
factors question; a driver who has just had a
microsleep arguably should keep hearing advice
to stop, but persistent warnings after genuine
recovery may reduce acceptance.
Computational cost (RQ5). The complete
pipeline ran at a median of 77.1 FPS on a laptop
CPU. Almost all computations are in one pre-
trained landmark model, and the cue, temporal
and fusion stages add only a fixed number of
arithmetic operations per frame, so the
feasibility of the framework on a given device is
essentially the feasibility of the landmark model
on that device. Transformer classifiers applied to
every frame (Jarndal et al., 2025; Hassan et al,,
2025) may offer higher per-frame accuracy but at
a much higher cost on CPU-only hardware; the
present design instead places complexity in the
temporal model.

7. Limitations

Table 9 lists the main limitations. The most
important is that the full drowsiness decision
has not yet been evaluated against labelled
drowsiness data. The eyestate results are
quantitative and subject-independent, but they
measure one component; the simulation
measures the logic on synthetic signals; and the
live sessions verify behavior without ground-
truth labels. The cuelevel ablation, the
comparison with baselines, and detection
latency on real drowsiness therefore remain to
be established, as described in Section 9.

Planned response

Accuracy, latency and false alarms of | Subjectindependent evaluation
the fused decision are unknown

on NTHU-DDD and YawDD

other cameras  Cross-dataset tests; learned vs.

geometric eye cue

Validation-based threshold and

weight selection
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Limitation Expected effect

Hand-set fusion weights

Two  participants, acted
behavior, indoor

Eyewear and reflections

0.758)

Visual cues only

Instantaneous FPS readings | No per-stage latency or resource profile

8. Safety and Ethical Considerations

The framework is a driver-assistance tool. It can
warn a driver and advise stopping; it cannot
establish that a driver is fit to drive, and the
absence of an alert must never be read as
evidence of alertness. For this reason, the
messages never suggest that continuing is
acceptable; Level 2 already recommends
stopping at a safe location, and Level 3 instructs
the driver to park and rest. Facial video is
biometric data. In deployment mode, frames are
processed in memory and discarded; only
derived signals are logged, logging can be
disabled, and no identity recognition is
performed. The live recordings shown in this
paper were made with the participants' informed
consent. Integrating this into a production
vehicle would require validation on diverse real
drivers, assessment under applicable functional-
safety and driver-monitoring requirements,
fairness analysis across demographic groups
(Nurnoby & El-Alfy, 2026), and fail-safe
behavior when the camera is blocked or no face
is found.

9. Conclusion and Future Work

This paper presented a lightweight, interpretable
framework for realtime driver drowsiness
detection that combines eye closure, yawning
and head pose through explicit temporal
evidence functions, a convex fusion rule,
landmark-quality gating and a four-level alert
policy with a microsleep override. The eye-state
component reached an Fl-score of 0.926, MCC
of 0.871 and ROC-AUC of 0.987 on eight
unseen MRL Eye subjects, with the largest
degradation for eyewear and strong reflections.

Possibly sub-optimal cue balance

Planned response

Weight search with sensitivity
analysis

Limited diversity; exaggerated behavior | Larger, diverse, real-vehicle study

Degraded eye evidence (F1 down to | Near-infrared camera; rely more

on head and yawn cues

Drowsiness with eyes open is missed | Add a non-visual channel

Repeated-replay benchmark on
several devices

A simulation test and two logged live sessions
showed that blinks and speech-like mouth
movements did not trigger alerts, that every eye
closure of 2.0 s or longer raised a critical
warning, that alert levels followed the intended
persistence and hysteresis, and that the complete
pipeline ran at a median of 77.1 FPS on a laptop
CPU. They also showed that, with the current
settings, the score-based path responds
conservatively to gradual drowsiness.

Future work follows directly. The first priority is
a subjectindependent evaluation of the
complete decision on labelled video from
NTHU-DDD (Weng et al., 2017) and YawDD
(Abtahi et al., 2014; Mujtaba et al., 2025),
including a cue-level ablation (single cues, pairs,
all three with and without temporal processing),
baselines ranging from EAR and MAR rules to a
MobileNetV3 eye classifier (Howard et al., 2019)
and a transformer face classifier, and eventlevel
measures such as detection latency and false
alerts per hour. The second is validation-based
selection of fusion weights and alert thresholds,
comparing fixed and personalised thresholds.
The third is a realvehicle study with a larger,
more diverse group of drivers, followed by the
addition of a nonwisual channel to detect
drowsiness not visible on the face.
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