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Motivation Dataset: SleepEye Preprocessing & Labels
* Drowsiness is a major cause of road crashes: f N ™ 1. Resample 256 to 128 Hz
slower reactions, impaired decisions, loss of 20 4 2. Band-limit to 0.5-40 Hz (Butterworth high-

drivers, 10 F / 10 M, aged

vehicle control. 90-min drives per driver and low-pass) and remove 50 Hz powerline

 30-60 ) U y
 EEG detects drowsiness well, but needs many noise (notch)
electrodes and is noise-sensitive, so it is hard 4 A f5 i A 3. Cut into non-overlapping 2-min windows
to deploy in a car. 120 h S8 eelF-rating interval, 1 4. Discard windows with saturation or extreme
* ECG reflects autonomic activity and can be \Of ECG and vehicle data ) |lalert)to 9 (very sleepy) [2] amplitude (motion artifacts)
recorded unobtrusively by steering-wheel or 5. Normalize amplitude per subject
seat sensors. g N N
* Yet most ECG studies still rely on handcrafted * Simulator 1 session 1 session
HRV features and classical machine learning S Wl Binary Label from KSS:
[1]. . ., . e Alert: KSS<7
/ \ * Motorway 1 session 1 session * Drowsy: KSS >7
. late afternoon after midnight
Research Question \ /N /
Can drowsiness-relevant Healthy, non-shift, non-professional drivers. Last KSS rating in each window; windows
' ECG recorded at 256 Hz (Vitaport 3) [3]. without a rating are excluded.
representatlons e learne
directly from the raw ECG,
\without handcrafted features? .
End-to-end CNN-LSTM architecture
L . Subsegmentation into T Shared Feature . Projection Drowsiness
Raw ECG Segmentation into N windows non-overlapping snippets CNN embeddings LSTM Flattening Head Prediction
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CNN block ConvlD - Leaky RelLU (0.1) - BatchNorm - MaxPool (4) - Dropout (0.2). * ]
Training Adam (Ir 1073), batch 16, <100 epochs, early stopping on validation AUC odd / ]I
(patience 15), weighted sampler for class imbalance. ]
Evaluation protocol Results Inter-subject variability

* Leave-one-subject-out: train, validation and

. . , . HRV-LSTM (baseline) . CNN-LSTM (ours) w0 o2 oo o>
test drivers are always disjoint. Metrics

fpl9 fp03 fpl9 fp03

averaged over folds. 100 _
i Baseline: HRV_LSTM 75 fpl7 fp08 fpl7 fp08
2 50 fp16 fp09 fp16 fp09
19 time-domain HRV features per 30 s
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subsegment, fed to the same LSTM. -
Only the feature extractor differs.
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0 Accuracy F1 score

Accuracy  Sensitivity Specificity  F1 score Accuracy ranges from 39% to 88% across held-

out drivers. Likely causes:

* Physiology differs between drivers
e Self-reported KSS

* Per-subject class imbalance
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