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Abstract: Introduction: Behavioral indicators have been increasingly utilized in machine learning (ML) and deep learning (DL)

frameworks to enable automated driver drowsiness detection (DDD). This study aimed to investigate the available evi-
dence on the modeling frameworks, datasets, input modalities, and performance metrics used in DDD systems. Meth-
ods: Studies were identified through systematic searches of PubMed, Scopus, Web of Science, and IEEE Xplore for
English-language publications up to 31 August 2025. Eligible studies were original research that applied ML or DL tech-
niques to image- or video-based behavioral features for automatic DDD. Studies focusing primarily on vehicle telemetry,
physiological signals without behavioral imaging, reviews, editorials, and gray literature were excluded. We extracted the
dataset, input data modality, driving context, inference mode, ML/DL methods, and performance metrics including ac-
curacy, precision, recall, and F1-score. Risk of bias was evaluated using the PROBA-AI tool. Results: A total of 69 studies
met the inclusion criteria. DL models outperformed ML, achieving higher median accuracy (94.48% vs. 91.80%) and
significantly better F1-scores (93.15% vs. 84.00%). Median recall was comparable between DL and ML models (93.76%
vs. 94.12%), and precision remained similarly high across both approaches (93.18% vs. 94.6%). Most DL methods
employed Convolutional Neural Networks (CNN), Recurrent Neural Network (RNN), or hybrid CNN- Long Short-Term
Memory (LSTM) architectures, whereas ML studies primarily relied on classical classifiers such as Support Vector Ma-
chine (SVM) and Random Forest (RF) supported by handcrafted behavioral features. PROBA-AI assessment revealed
considerable methodological heterogeneity, with 27 studies rated as high risk, 25 as low risk, and 17 as moderate. Con-
clusion: DL models demonstrate clear performance advantages over ML approaches, particularly in accuracy and F1-
score. However, substantial methodological variability-reflected in inconsistent dataset design, annotation practices,
and validation strategies-continues to limit comparability across studies.
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1. Introduction

Driver drowsiness (DD) represents a significant threat to road
safety. Drowsiness, commonly defined as a state of reduced
alertness, manifests through diminished executive function-
ing, decreased cognitive effort, and involuntary muscular in-
hibition (1). Drowsiness compromises attentional control,
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slows reaction times, and impairs decision-making capac-
ity, thereby elevating both the likelihood of accidents and the
severity of associated injuries (2). According to the German
Insurance Society, drowsy driving is implicated in approxi-
mately 25% of all road crashes in Germany (3). In France,
driver drowsiness is associated with 14.9% of crash-related
injuries and 20.6% of fatal collisions (4). Drowsiness can be
triggered by multiple factors, including reduced arousal, ele-
vated workload, and sleep-related disturbances. For exam-
ple, long, monotonous rural roads with minimal traffic of-
ten create optimal conditions for the onset of this form of
drowsiness (1). To mitigate this risk, researchers have in-
creasingly turned to driver monitoring systems designed to
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detect early indicators of drowsiness. Driver drowsiness de-
tection (DDD) technologies evaluate a DD level and issue
timely warnings about potential hazards that might other-
wise remain unnoticed (5). Machine learning (ML), a cen-
tral discipline within artificial intelligence, facilitates auto-
mated pattern recognition and underpins the ML and deep
learning (DL) techniques widely applied in behavioral driver
drowsiness detection (6, 7). Using large sets of training sam-
ples, DL algorithms efficiently learn and optimize the param-
eters necessary for effective DDD (8). DDD techniques are
generally categorized into three groups based on the type of
signals they assess: biological, vehicle-based, and behavioral
approaches (9, 10). Behavioral metrics rely on observable
indicators of drowsiness derived from the driver’s head and
facial characteristics. By monitoring head movements and
facial cues-including those associated with the eyes, mouth,
eyebrows, and breathing-these systems can identify the on-
set of driver drowsiness (11, 12).

Accordingly, real-time monitoring of the driver’s state is cru-
cial for enabling timely interventions, such as issuing alerts
or activating automated driving functions. As a result, anal-
ysis based on images and videos can detect drowsiness-
related indicators in real time and assess operator perfor-
mance to ensure that tasks are executed safely and correctly
(13).

Several previous reviews have examined driver drowsiness
detection from various perspectives. Earlier surveys have of-
fered broad overviews of physiological, vehicle-based, and
behavioral indicators (10), and have summarized recent ad-
vances in sensor technologies and multimodal detection ap-
proaches (9). More recent scoping and systematic reviews
have underscored persistent challenges, including inconsis-
tent ground-truth labeling, limited real-world validation, and
substantial variability in evaluation protocols (14). However,
these reviews have not specifically addressed ML- and DL-
based behavioral approaches, nor have they provided com-
parative evaluations of their performance across different
datasets and driving contexts. This gap highlights the need
for an updated synthesis focused exclusively on behavioral
measures analyzed through ML and DL techniques.

Despite growing interest and notable advances in the field,
the existing literature remains disjointed. Although numer-
ous ML and DL architectures have been developed for driver
drowsiness detection, few studies offer rigorous comparative
evaluations, and no consensus has emerged regarding opti-
mal model design. This study aimed to investigate the avail-
able evidence on the modeling frameworks, datasets, input
modalities, and performance metrics used in DDD systems.

2. Methods
2.1. Study design and setting

This systematic review was conducted in accordance with the
Preferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) 2020 guidelines (15). Figure 1 displays the

search strategy based on the PRISMA flow diagram. To find
studies that were missed by the database search method, ref-
erence lists of the included articles were examined up to Au-
gust 2025.

The review is structured around the following research ques-
tions: it Which ML and DL architectures have been em-
ployed to analyze behavioral indicators of driver drowsiness,
and what design patterns characterize these modeling ap-
proaches? ii: To what extent do these models demonstrate
robust and generalizable performance in detecting drowsi-
ness, as reflected in standardized metrics (accuracy, preci-
sion, recall, Fl-score)? iii. Which datasets-characterized
by their dataset names, Input Data Modality (images or
videos), driving contexts (simulated or real-road), and infer-
ence modes (real-time or offline)-have been used to train and
validate ML- and DL-based behavioral models for DDD, and
how do these dataset characteristics affect methodological
comparability and model performance? iv: What method-
ological strengths and weaknesses are evident across the in-
cluded studies, as determined by PROBA-AI evaluations of
participant selection, predictor specification, outcome label-
ing, and analytical rigor?

2.2. PICOS framework

The Population consisted of human driver behaviors; the In-
tervention referred to behavioral drowsiness-detection sys-
tems using ML or DL; the Comparison involved ground-truth
labels derived from reference measures such as annotated
video or image from facial landmarks; Outcomes included
performance metrics (accuracy, precision, recall, and F1-
score).

2.3. Protocol

Before initiating the review, a structured protocol was de-
veloped to define the objectives, research questions, eligi-
bility criteria, and methodological approach. The protocol
was prospectively registered in the International Prospec-
tive Register of Systematic Reviews (15) under the reference
CRD420251139663 (16). Researchers have used a variety of
methodsi.e., DL and ML to measure DDD, which can be used
to carry out the detecting process. Figure 2 shows a brief cat-
egorization of DDD.

2.4. Search strategy

This systematic review involved searching four databases of
PubMed, Scopus, Web of Science, and IEEE Xplore Digital Li-
brary. Furthermore, any relevant material discovered during
the initial search was reviewed. The search was conducted
until August 2025. To eliminate duplicates and ensure the
chosen articles were pertinent to this review, we examined
the titles and abstracts of the research works. The follow-
ing terms were applied for searching the databases: (“Artifi-
cial Intelligence” OR “Machine learning” OR “Artificial neural
network” OR “Behavioral measurement” OR “Adaptive learn-
ing” OR “Driver monitoring” OR “Deep learning” OR “Com-
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puter vision” OR “neural nets" OR “Mathematical model”),
AND (“Sleepiness” OR “Drowsiness” OR “Fatigue” OR “Fea-
ture extraction” OR “Distracted Driving” OR “Face” OR “Im-
age” OR “Video” OR “Eye movements” OR “Visual attention
model” OR “Feature extraction” OR “Driving style”), AND
(“Crash” OR “Accidents”).

A full electronic search strategy was developed and exe-
cuted in (PubMed), ensuring reproducibility: (“artificial in-
telligence” OR “machine learning” OR “deep learning” OR
“neural network” OR “computer vision” OR “adaptive learn-
ing” OR “driver monitoring” OR “mathematical model” AND
(“sleepiness” OR “drowsiness” OR “fatigue” OR “eye move-
ments” OR “visual attention” OR “face” OR “image” OR
“video”) AND (“driving” OR “crash” OR “traffic accident” OR
“driver behavior”)).

2.5. Eligibility criteria

The process involved identifying relevant studies through
database searches, screening titles and abstracts, conduct-
ing full-text assessments to determine eligibility, and includ-
ing studies that met all predefined criteria. Studies included
in this review were required to meet all of the following cri-
teria: i: the research had to evaluate an in-vehicle system
specifically designed to mitigate DDD; ii: drowsiness had to
be automatically detected by an external system using a pre-
defined rule-based or algorithmic method that subsequently
triggered an intervention; iii: the study had to be conducted
in a realistic driving context, including passenger vehicle or
commercial freight scenarios; iv: the analysis had to be based
on original data collected from human participants; and v:
only original, peer-reviewed research articles published in
English with full-text with online availability were consid-
ered.

2.6. Exclusion criteria

Studies were excluded based on the following criteria: i: Data
source: studies that did not use data from human partic-
ipants, including those relying solely on computer simula-
tions; ii: Publication type: review articles, commentaries, ed-
itorials, and gray literature were not considered; iii: Inter-
vention focus: studies examining safety interventions not di-
rectly targeting DD were excluded; iv: Technology scope: in-
terventions that were not in-vehicle technologies or did not
incorporate a driver state monitoring system; and v: Type of
impairment: research focusing on impairments caused by al-
cohol or drug use was excluded to maintain a clear focus on
drowsiness.

Studies lacking direct reporting of performance metrics were
excluded. studies other than those that returned results of
"specificity," "sleepiness," "accidents," "deep learning" and
"machine learning" (together with their synonyms) were ex-
cluded.

Following these calibration sessions, the researchers inde-

"o "o

pendently completed the title and abstract screening. To en-
sure greater consistency, one researcher (S.Gh) screened all
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studies, while the others (E.S and S.N) split the studies ran-
domly. Initially, all paper titles and abstracts were reviewed
to see if they fit the present review.

2.7. Data collection and extraction

The variables listed in the information record are first author,
publication year, country, accuracy, recall (sensitivity), F1-
score, precision (positive predictive value; PPV), modeling
approach (ML, DL architecture), dataset type, driving con-
text, and inference mode.

When multiple models were reported, the best-performing
model was extracted for comparison. Following the collec-
tion of every article with abstracts, additional screening was
carried out using the EndNote 8.

For data extraction, a structured spreadsheet was created
in Microsoft Excel (Microsoft Corporation) to systematically
capture key information from each included study.

2.8. PROBA-AI rating procedure

The risk of bias for each included study was assessed using
the PROBA-AI tool, which evaluates methodological quality
across five core domains: participants, predictors, outcome,
analysis, and overall risk of bias. Each domain contains a
series of signaling questions designed to identify potential
sources of bias specific to artificial intelligence-based diag-
nostic or detection models. Responses to these questions are
used to assign a domain-level rating of low risk, high risk,
or unclear risk. A rating of low risk is given when the study
provides sufficient methodological detail and meets all crite-
ria without concerns; high risk indicates substantial method-
ological limitations or clear threats to validity; and unclear
risk is applied when reporting is insufficient to make a defini-
tive judgment. The overall risk of bias is determined by inte-
grating all domain ratings, with any domain judged as high
risk typically resulting in an overall high-risk classification.

2.9. Data synthesis

Given the substantial heterogeneity across the included stud-
ies, particularly in modeling objectives, input modalities,
evaluation settings, and outcome measures, a quantitative
meta-analysis was not feasible. Data synthesis was con-
ducted using a structured narrative approach aligned with
the aims guiding this review.

Several indicators have been used to evaluate a system’s
ability to identify participants who are fatigued or drowsy.
They consist of accuracy, recall (sensitivity), F1-Score, and
precision (17).

Accordingly, the methods for calculating all four indicators
are provided below.

TP+TN
Accuracy = %100
TP+TN+FP+FN
Precision (PPV) = 100

—_— X
TP+FP
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Recall = 100

—_— X
TP+FN

Precision x Recall

F1-Score = 100

e T
Precision + Recall

TP = The participants were genuinely drowsy and were accu-
rately classified as drowsy.

TN = The participants were truly in a non-drowsy condition
and they were accurately classified as non-drowsy.

FP=is the quantity of subjects that were mislabeled as drowsy
when, in fact, they were not.

FN= is the number of patients who were genuinely drowsy,
but were incorrectly classified as non-drowsy by the sys-
tem/model.

3. Results

3.1. Overview of included studies

This section introduces the main features of the 69 studies
selected for this systematic review (figure 1). 43 studies uti-
lized DL models, 22 studies utilized ML models, and 4 studies
were hybrid (DL+ML).

In terms of geographical distribution, the included studies
originated from a wide range of countries (Figure 3). As il-
lustrated in the figure, India represents the most substan-
tial contribution, with 20 studies accounting for 28.9% of the
total. China follows with 9 studies (13%), and South Korea
ranks third with 5 studies (7%). A group of five countries-
the United States, the United Arab Emirates (UAE), Iran,
Malaysia, and Bangladesh-each contributed 3 studies (4%).
The remaining contributions are dispersed across several
other nations, each representing a comparatively smaller
share of the overall authorship.

3.2. Accuracy, precision, recall, F1-score bench-
marks

This section provides a quantitative synthesis of model per-
formance across the included studies, using median values
and interquartile ranges (25th to 75th percentile) for the four
primary evaluation metrics: accuracy, recall, F1-score, and
precision (PPV). Table 1 summarizes the distributions sepa-
rately for DL and traditional ML approaches, enabling a rig-
orous comparative assessment.

3.2.1. Accuracy

DL models demonstrate a clear overall performance advan-
tage, with a median accuracy of 94.48% (interquartile range
(IQR): 89.72% to 96.42%) compared to 91.80% for ML mod-
els (IQR: 84.50% to 96.20%). Beyond higher central tendency,
the lower quartile of DL models notably exceeds that of ML
models.

3.2.2. Recall (Sensitivity)

Recall values for DL and ML models are relatively close at the
median level-93.76% for DL versus 94.12% for ML. However,
DL exhibits greater stability and robustness across studies.
Specifically, the DL lower quartile (89.90%) is considerably

higher than that of ML (87.43%), reflecting more depend-
able detection sensitivity among DL approaches, even under
varying conditions.

3.2.3. Fl-score

The largest performance gap appears in the Fl-score. DL
models achieve a median of 93.15% (IQR: 86.03% to 95.65%),
substantially outperforming ML models, which reach a me-
dian of only 84.00% (IQR: 79.80% to 86.80%). This demon-
strates that DL architectures provide a far better balance
between sensitivity and precision-an essential property for
minimizing both missed detections and false alarms in DDD.
3.2.4. Precision (PPV)

DL models obtain a median PPV of 93.18% (IQR: 90.75% to
96.23%), whereas ML models lag behind with a median of
94.60% but with a much wider and lower quartile (81.70%).
This suggests that DL systems are markedly more consistent
in avoiding false positives, with three-quarters of DL mod-
els surpassing 90% precision-a level attained only by the top
quartile of ML approaches.

3.3. Performance overview

Reported accuracies range widely, from as low as 67.0% to a
perfect 100%, with several models achieving performances
above 98%. The highest accuracy was reported by Macal-
isang using YOLOV3 for eye closure detection (18). Other top-
performing models include Convolutional Neural Networks
(CNNs), often enhanced with transfer learning, ensemble
methods, or temporal modeling techniques like Long Short-
Term Memory (LSTM) architectures. CNNs and their vari-
ants (e.g., DCNN, MobileNet, ResNet, VGG) are the most fre-
quently used and often yield the highest accuracy, especially
when combined with temporal models like LSTMs. Support
Vector Machine (SVM) and Random Forest (RF) models, par-
ticularly when combined with feature engineering (e.g., EAR,
PERCLOS), still achieve high performance (e.g., 99.45% by Al-
Anizy with SVM) (19). Models combining CNNs with LSTMs
or attention mechanisms (e.g., Xiao, 2019 (20); Xie, 2018 (21))
show strong results, capturing both spatial and temporal fea-
tures.

Many high-performing models are deployed in real-time
or near-real-time settings, indicating practical applicability.
Performance varies significantly with dataset type (public vs.
custom), data modality (video, images), and driving context
(simulated vs. real-road).

3.4. Input data modality

Most DL studies (49 of 54) relied on raw video or image se-
quences, enabling end-to-end learning of facial and ocular
cues without manual feature engineering. In contrast, ML
studies showed greater variability: while ten used visual data,
five depended primarily on handcrafted or non-visual sig-
nals. Overall, the field remains dominated by visual modal-
ities, with DL models leveraging pixel-level inputs and ML
models relying more heavily on engineered descriptors.
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3.5. Characteristics of driving contexts

Most investigations were conducted in simulated or con-
trolled environments (73.4%), which allow systematic ma-
nipulation of lighting, posture, and task load to obtain clean,
well-annotated behavioral signals (supplementary Table A).
Real-world or in-vehicle recordings accounted for a smaller
but essential portion of the literature (20.3%), providing eco-
logical validity by capturing natural variations in illumina-
tion, motion, and traffic conditions. A few studies (6.0%)
used mixed contexts. DL models were particularly domi-
nant in real-world settings, reflecting their ability to learn ro-
bust representations from noisy, unconstrained visual data,
whereas ML approaches were more common in controlled
environments where handcrafted features remain reliable.

3.6. Summary of datasets used

An analysis of dataset provenance across the 69 included
studies reveals a predominant reliance on bespoke data col-
lection: 46 studies (63.7%) employed custom datasets specif-
ically recorded to satisfy study-specific requirements (e.g.,
controlled illumination, annotated video sequences, or sim-
ulator scenarios). Public benchmarks were used in 18 stud-
ies (29.9%); the most frequently cited repositories include
NTHU-DDD, YawDD, the MRL eye dataset, and the ZJU Eye
blink database. A minority of investigations (5 studies, 6%)
adopted a hybrid strategy, augmenting public benchmarks
with proprietary recordings to increase subject diversity and
environmental variability. This distribution highlights two
complementary trends: i: investigators continue to create
targeted datasets to capture fine-grained behavioral cues un-
der bespoke experimental protocols, and ii: the growing but
still limited adoption of standardized benchmarks supports
cross-study comparability [see supplementary Table B].

3.7. DL and ML models for DDD

Supplementary table A summarizes the ML and DL archi-
tectures applied for behavioral DDD; ML entries denote
handcrafted-feature pipelines (e.g., EAR, PERCLOS) with
classical classifiers (primarily SVM and RF), whereas DL en-
tries denote end-to-end convolutional and spatio-temporal
networks (e.g., CNN variants, 3D-CNN, and CNN+LSTM hy-
brids).

3.8. Types and frequencies of architectures

3.8.1. DL methods

DL models constituted the majority of the reviewed ap-
proaches (62.7%).

Most studies used CNNs or their enhanced variants, in-
cluding VGG16/VGG19, ResNet families, MobileNet, YOLO-
based detectors, DCNN, 3D-CNN, MTCNN, and ensemble
CNNs. CNN-based models accounted for over 70% of all
DL studies. Hybrid CNN + LSTM architectures represented
a significant subgroup (12% of DL studies), reflecting the
importance of modeling temporal dynamics such as blink
duration and yawning progression. These results confirm
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that DL architectures demonstrate stronger generalization
capacity-particularly in varying illumination and real-road
conditions-though they require larger annotated datasets
and greater computational resources.

3.8.2. ML methods

ML methods were used in 31.3%, most of which relied
on handcrafted behavioral features such as EAR, PERCLOS,
MAR, blink rate, and head-pose indicators. SVM were by far
the most frequently used ML classifier, appearing in over 60%
of ML-based studies. RF models accounted for roughly 15
to 20% of ML applications. Other ML techniques including
Naive Bayes, bayesian classifiers, FLDA, MLP, and AdaBoost
were used infrequently, each appearing in fewer than 10% of
the total ML papers.

3.8.3. Hybrid approaches

A smaller subset of studies (6.0%) implemented hybrid meth-
ods, typically combining: i: CNNs for spatial feature extrac-
tion; ii: LSTM/Recurrent Neural Network (RNN) units for se-
quential modeling; iii: ML classifiers (e.g., SVM or RF) ap-
plied on top of deep features. These hybrid systems reported
competitive performance, often lying between pure DL and
pure ML results, and offered advantages in real-time applica-
tions where interpretability and computational efficiency are
important.

3.9. Real-time vs. offline detection

The findings indicate a pronounced dominance of real-time
inference within both DL- and ML-based frameworks, with
92.1% of the included studies operating under real-time con-
ditions. Notably, the vast majority of DL models (50 out of 54)
and nearly all ML models (10 out of 11) were explicitly en-
gineered for real-time deployment, underscoring the field’s
strong emphasis on immediate and continuous driver-state
assessment. In contrast, only a small fraction of studies (n=
4) adopted offline inference, typically reflecting preliminary
model development or evaluation phases that relied on pre-
recorded datasets prior to real-world application. Collec-
tively, these results highlight a clear methodological trend to-
ward real-time operational capability, which remains essen-
tial for the practical integration of DD systems into in-vehicle
driver-monitoring technologies [supplementary Table B].

3.10. Risk of bias evaluation

Evaluation of methodological quality using the PROBA-AI
tool revealed a heterogeneous risk-of-bias profile across
the 69 included studies. Overall, 27 studies were rated as
high risk, reflecting substantial concerns related to dataset
construction, labeling procedures, insufficient reporting of
ground-truth generation, and inadequate validation strate-
gies. Twenty-three studies demonstrated low risk, typi-
cally characterized by clear dataset provenance, transpar-
ent annotation methods, and the use of appropriate train-
ing-validation splitting and performance evaluation proto-
cols. The remaining 17 studies were categorized as mod-
erate risk, often due to partial reporting, reliance on small
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or homogeneous datasets, or limited justification of model-
ing choices. Collectively, these findings highlight persistent
methodological inconsistencies within the ML/DL-based be-
havioral drowsiness detection literature and underscore the
need for standardized dataset curation, labeling frameworks,
and evaluation practices to enhance reproducibility and gen-
eralizability [supplementary Table C].

4, Discussion

The findings of this systematic review highlight several im-
portant trends in the development of behavioral DDD sys-
tems. DL approaches consistently outperformed ML meth-
ods, most notably in terms of accuracy and F1-score. CNN-
and CNN-LSTM-based architectures captured complex spa-
tiotemporal cues underlying drowsy behavior more effec-
tively than handcrafted feature pipelines.

Our analysis shows a clear methodological shift toward DL,
with CNN-based architectures representing the majority of
behavioral DD models and consistently outperforming ML
approaches. CNN variants-together with hybrid CNN-LSTM
designs-demonstrated strong capacity to capture spatial and
temporal behavioral cues, yielding markedly higher median
accuracy and Fl-scores than ML pipelines. In contrast,
classical ML methods, dominated by SVM and RF classi-
fiers, remained dependent on handcrafted features such as
EAR, PERCLOS, and MAR, making them more susceptible to
noise and environmental variability. CNN-based architec-
tures and CNN-LSTM hybrids demonstrated superior per-
formance across various illumination and driving conditions
(Yuetal., 2024; Adhithyaa, 2023) (21, 27). These findings con-
firm that DL architectures currently provide a more reliable
framework for behavioral DD than feature-engineered ML al-
gorithm.

The findings of this review clearly indicate that DL archi-
tectures outperform ML methods in behavioral DDD. DL
models achieved notably higher median accuracy (94.48%
vs. 91.80%) and substantially stronger Fl-scores (93.15%
vs. 84.00%), highlighting their superior balance of sensi-
tivity and precision. Although recall and precision were
broadly comparable between the two paradigms, DL ap-
proaches demonstrated greater stability, reflected in consis-
tently higher lower-quartile values across studies. This supe-
riority aligns with evidence from recent DL-focused system-
atic analyses, which emphasize that CNN, spatio-temporal,
and hybrid CNN-LSTM models extract richer behavioral
representations and offer stronger generalization in uncon-
strained driving environments (22).

The strong predominance of real-time inference observed
across the included studies is consistent with prior reports
emphasizing the necessity of responsive, in-vehicle monitor-
ing systems for mitigating drowsiness-related risks. Earlier
works have demonstrated that real-time DD supports con-
tinuous behavioral assessment and enables timely hazard
prevention (23, 24). Studies employing simulated environ-
ments similarly highlight the value of real-time processing

for replicating driver workload and fatigue progression un-
der controlled conditions. This emphasis aligns with broader
findings that stress the importance of moment-to-moment
evaluation of ocular and facial indicators, such as blink pat-
terns, gaze direction, and head movements, for accurate es-
timation of driver state (24, 25). Although a minority of stud-
ies still rely on offline analysis-primarily for algorithm de-
velopment or dataset-based benchmarking-prior literature
underscores that real-time operation remains essential for
practical deployment in advanced driver-assistance systems
and safety-critical contexts (26). Collectively, these findings
suggest that real-time capability extends beyond a method-
ological preference and constitutes a fundamental require-
ment influencing system architecture and evaluation strate-
gies, consistent with established frameworks in which time-
liness represents a key component of quality of care (27).
The distribution of datasets across the reviewed studies high-
lights long-standing structural limitations in DD research.
The predominance of custom datasets reflects the same is-
sues previously emphasized in the literature, where hetero-
geneity in data collection protocols and limited transparency
impede reproducibility and cross-study comparability (14,
28). Overall, consistent with prior systematic reviews on
DDD (14), the evidence underscores a persistent trade-off:
custom datasets enhance task-specific signal fidelity but re-
strict external validity, whereas benchmark datasets support
reproducibility but lack contextual richness.

The partial reliance on public benchmarks such as NTHU-
DDD, YawDD, the MRL Eye dataset, and the ZJU Eye blink
database aligns with earlier findings suggesting that exist-
ing open-source repositories remain insufficiently compre-
hensive for robust model generalization (29, 30). These
datasets typically offer limited variation in driving context,
subject behavior, or environmental conditions, thereby lim-
iting the trustworthiness of the models for real-world deploy-
mentreadiness (31). Hybrid datasets used in a smaller subset
of studies provide incremental improvements but still inherit
the limitations of both proprietary and benchmark sources.

4.1. Trends and future work for DDD systems

The environment, available resources, and real-time applica-
tion constraints are some of the factors that should be taken
into consideration when determining which of the many
methods for DD have been reviewed.

For DD in real time in controlled settings (such as lab or sim-
ulated conditions): CNNs can recognize facial traits includ-
ing eye states and mouth opening with excellent accuracy in
controlled situations with controlled lighting and other vari-
ables. Data should be recorded in well-lit situations at a high
frame rate (30 fps or higher) for optimal outcomes. Images
should be normalized using preprocessing approaches like
Face alignment and histogram equalization to enhance fea-
ture extraction performance in a variety of scenarios. SVM
and CNNs can be used together to improve classification,
particularly when the task calls for binary classification and
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the dataset is limited (32, 33). For use in real-world settings
with varying lighting and ambient: It is advised to use hybrid
models that combine CNNs and LSTMs in more dynamic
and real-world situations when environmental variables like
lighting, weather, and driver behavior change dramatically.
These models can monitor how drowsiness changes over
time because LSTMs are excellent at identifying temporal de-
pendencies in sequential data. This is particularly helpful
when examining signs of tiredness such as head motions and
blinking. To manage ambient noise and enhance model ac-
curacy in difficult situations, preprocessing techniques like
noise reduction and geometric transformation (e.g., crop-
ping, scaling) are crucial (33, 34).

5. Limitations

This review is subject to several methodological constraints.
First, substantial heterogeneity across studies-particularly in
dataset sources, labeling protocols, driving environments,
and evaluation procedures-limits the comparability of re-
ported performance metrics. Second, the predominance of
simulator-based and controlled laboratory experiments may
overestimate model performance relative to real-world driv-
ing conditions. Third, incomplete reporting in several stud-
ies, including missing details on sample characteristics, an-
notation methods, and validation schemes restricts the reli-
ability of cross-study synthesis. Finally, aggregated metrics
were derived from published results rather than raw outputs,
preventing standardized recalculation and formal statistical
comparison between DL and ML approaches.

6. Conclusions

This review examined behavioral approaches to DDD and
identified a consistent performance advantage for DL archi-
tectures over ML methods. DL models, dominated by CNN
and CNN-LSTM frameworks, achieved higher median ac-
curacy, and Fl-scores and exhibited reduced performance
variability across studies. In contrast, ML pipelines rely-
ing on handcrafted features demonstrated lower robustness
to illumination changes, subject variability, and environ-
mental noise. The evidence remains limited due to hetero-
geneous datasets, non-standardized evaluation protocols,
and a predominance of simulator-based experiments, which
constrain cross-study comparability. Overall, DL architec-
tures represent the most reliable computational direction for
advancing behavioral DD systems, although further progress
requires standardized benchmarks and more extensive real-
world validation.
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Metric Deep learning Machine learning
Median 25th percentile 75th percentile Median 25th percentile 75th percentile
Accuracy
94.48 89.72 96.42 91.8 84.5 96.2
Recall 93.76 89.90 97.0 94.12 87.43 95.9
F1-Score  |93.15 86.03 95.65 84.0 79.8 86.8
PPV 93.18 90.75 96.23 94.6 81.7 96.86
PPV: positive predictive value.
[ Identification of studies via databases and registers J
pr——
_ Records removed before the screening:
e Duplicate records removed (n =93)
% Records identified from: Records marked as ineligible by
Databases (n=2777) — automation tools (n=821)
E_ Records removed for other reasons
g' (n=221)
Total=1137
Records screened
(n=1640)
w . Records excluded
E Reports sought for retrieval o (=15
] (n=1625) Review paper
=
=}
Reports assessed for eligibality - E‘:\leiﬂ?ﬂf:f?;lot retrieved
(n=1278)
=]
o Y Eeports excluded:
E Reports of included studies Non—B_ehavioral Drowsine?s
(n =69) ————» Detection Methods (n =595)
EEG (n=336)
Others (n =278)
Total= 1209

Flow diagram of the study selection for the review process. EEG: electroencephalogram.
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Summary of model performance metrics
Row | Author, year ML/DL Method Used Accuracy | Recall (Sensitivity) |F1-Score | Precision (PPV)
1 Al-Anizy 2015 (19) SVM 99.45 NR NR NR
2 Mehta 2019 (35) RF 84.0 84.0 84.0 84.0
SVM 80.0 80.0 79.8 80.1
Naive Bayes 80.0 80.0 79.8 80.7
3 Redhaei 2022 (36) SVM 95.0 97.0 NR 95.0
RF 99.0 96.0 NR 98.0
Sequential NN 97.0 96.0 NR 97.0
4 Dey 2019 (37) SVM 96.4 94.6 NR NR
FLDA 93.3 89.9 NR NR
Bayesian 85.7 96.9 NR NR
5 Kumar 2020 (38) Bayesian Classifier 85.4 97.3 NR NR
FLDA 92.6 89.6 NR NR
SVM 95.8 95.58 NR NR
6 Chinthalachervu 2022 (39) |SVM NR 95.58 NR NR
7 Saradadevi 2008 (40) SVM 85.0 84.0 NR 76.0
8 Rehman 2018 (41) SVM 87.0 NR NR NR
9 Maior 2020 (42) SVM 94.9 NR NR NR
SVM + Personal Feedback 99.0 NR NR NR
MLP 94.9 NR NR NR
RF 91.8 NR NR NR
10 |Alioua, 2014 (43) SVM 98.0 NR NR NR
11 |Vural, 2007 (44) AdaBoost + MLR with FACS 96.0 NR NR NR
12 | Tabrizi, 2008 (45) Chromatic-based Eye Analysis + PERC- | 98.8 NR NR NR
LOS
13 | Ed-Doughmi, 2019 (46) LSTM 92.71 NA NA NA
14 |Hashemi 2020 (47) FD-NN 98.15 86.7 NA 99.8
TL-VGG16 95.45 NA NA NA
TL-VGG19 94.96 NR NA NA
15 |Xiao 2020 (20) CNN + LSTM 98.96 95.83 95.83 95.83
16 |Padamata 2020 (48) CNN 96.42 NR 95.47 NA
17 |Cheamanunkul 2019 (49) |SVM with EmoPy + EAR + PCA 81.7 NR NR NR
RF with EmoPy + EAR + PCA 78.8 NR NR NR
MLP with EmoPy + EAR + PCA 77.3 NR NR NR
SVM with EmoPy + EAR (no PCA) 73.5 NR NR NR
18 | Thakur 2022 (50) CNN 95.78 NR/NA 95.43 NA
19 |Phan 2021 (51) MobileNet-V2 96.0 97.0 95.0 93.0
ResNet 97.0 97.0 97.0 96.0
20 |Zhao 2020 (52) EM-CNN 93.62 93.64 NR NR
21 | Nguyen 2020 (53) CNN 98.7 NR NR NR
22 | Salman 2021 (54) ECNN NA 90.3 NA 97.0
23 | Chirra 2019 (55) CNN 96.42 NR NR NR
24 | Ghazal 2018 (56) CNN 95.0 NR NR NR
25 |[Jahan 2023 (57) VGG16 + Transfer Learning 95.93 93.87 93.51 93.15
VGG19 + Transfer Learning 95.03 95.47 95.14 94.82
4D Model (Custom CNN) 97.53 97.06 97.20 97.35
26 | Arsic 2021 (58) FDN 90.79 NR NR NR
REN 86.68 NR NR NR
SEN 72.65 NR NR NR
27 |Kulhandjian 2022 (59) DCNN 95.0 NR NR NR
28 | Saif 2020 (60) DCNN and RF 98.97 NR NR NR
29 |Park2017 (61) Supervised Deep Learning (AlexNet + |73.06 NR NR NR
VGG-FaceNet + FlowImageNet)
30 |Huynh, 2016 (62) CNN 87.46 87.97 87.97 NR
31 |Jia2021 (63) MTCNN 97.5 NR NR NR
32 |Xie, 2018 (21) CNN and LSTM 98.4 100 NR NR
33 |Tamanani 2021 (64) CNN 91.8 92.0 92.0 92.8
34 |Valsan 2021 (65) CNN 92.5 NR NR NR
35 |Jabbar 2018 (66) CNN 83.33 NR NR NR
36 |Pachouly 2020 (67) CNN 94.0 0.95 (Closed) 0.93[0.95 0.95 (Closed)
(Open) (Closed) |0.93 (Open)
0.93
(Open)
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Row | Author, year ML/DL Method Used Accuracy | Recall (Sensitivity) |F1-Score | Precision (PPV)
37 |Xiaofeng 2021 (68) CNN 89.55 NR NR NR
38 |Geng 2018 (69) CNN NR 89.58 92.47 95.56
39 |Chand 2022 (70) CNN 93.0 90.0 t0 92.0 91.0 t0|91.0t093.0
94.0
40 |Panwar 2022 (71) CNN 99.95 95.0
41 |Victoria 2022 (72) CNN 67.0 1.00 75.0 60.0
42 | Dipu 2021 (73) CNN(SSD_MobileNet) 98.0 NR NR Eyes Close: 96.3
Eyes Open: 97.7
No Yawn: 99.8
Yawn: 98.0
43 | Walizad 2022 (74) CNN 95.0 Closed Eyes: 98.0 Closed |Closed Eyes: 92.0
Eyes:
95.0
Open Eyes: 92.0 Open Open Eyes: 98.0
Eyes:
94.0
44 | George, 2016 (75) CNN 89.61 NR NR NR
45 | Celona, 2018 (76) ERT + CNN 83.44 NR NR NR
46 | Zhuang 2020 (77) SESDM NR 93.63 95.16 96.72
47 |Zhang 2015 (78) CNN 92.0 NR NR NR
48 |Macalisang, 2021 (18) YOLOV3 100 NR NR NR
49 |Yu, 2017 (79) 3 D-DCNN 72.6 NR NR NR
50 |Lyu, 2018 (80) LSTM 90.05 NR NR NR
51 |Wang, 2020 (81) MTCNN 95.0 NR NR NR
52 |Pattarapongsin, 2020 (82) |(SSD + ResNet-10 backbone) and Cus- | EAR: 93.0 |EAR:92.8 NR EAR: 93.2
tom 6-layer CNN
MAR: 94.9 [ MAR: 95.3 NR MAR: 94.6
53 |Dua, 2021 (83) CNNs (AlexNet, VGG, FaceNet, Flow-|85.0 82.0 84.09 86.3
ImageNet, ResNet)
54 |Yarlagadda, 2020 (84) RNN and LSTM 97.25 NR NR NR
55 |Rajamohana, 2021 (85) CNN and BiLSTM 94.0 96.0 NR 90.67
56 |Shahverdy, 2020 (86) CNN 99.98 100 99.9 100
57 | Guo, 2019 (87) CNN and TSC-LSTM 84.85 NR NR NR
58 |Kim, 2018 (88) CNN 95.75 NR NR NR
59 |Deng, 2019 (89) CNN 92.0 NR NR NR
60 |Aydemir, 2021 (90) CNN and LSTM 80.0 85.55 78.04 81.63
61 |Mahmoud, 2021 (91) CNN 86.0 NR NR NR
62 |Shiau, 2019 (92) Deep Neural Network with Time-|95.86 NR NR NR
Domain Convolution
63 | Yu2024 (29) LSTM 97.0 97.7 97.8 97.8
64 |Adhithyaa, 2023(22) 3D-CNN 77.4 NR 78.1 NR
65 |Almazroi, 2023 (93) SVM 87.0 91.2 86.8 82.8
66 |Benmohamed, 2024 (25) Hybrid model (Structural Features +|90.12 NA NA NA
CNN + LSTM)
67 |Huang, 2020 (94) RF-DCM + LSTM 89.42 NA 89.42 NA
68 | Narayana, 2025 (95) SVM 92.3 90.8 91.7 91.2
69 |Kharat, 2025 (96) YOLO based vision system 92.0 NA NA NA

Table presents a consolidated overview of the performance metrics reported across the included studies. Key indicators-such

as accuracy, precision, recall, and F1-score-are listed for each ML and DL model. This table facilitates direct cross-study comparison
and highlights variability in algorithmic performance under different modeling strategies. NA: not available; NR: not reported;

PPV: positive predictive value; ML: machine learning; DL: deep learing.
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Dataset characteristics and implementation details
Authors Country Dataset Name Input Data Modality | Driving Context Inference
Mode
Al-Anizy (19) Malaysia Custom Dataset Video Simulated Real-time
Mehta (35) India Custom Dataset Video Simulated Real-time
Redhaei (36) UAE Custom Dataset Video Simulated Real-time
Dey (37) Bangladesh |[INVEDRIFAC Video, Images Simulated Real-time
Kumaran (38) India Custom Dataset and | Video Simulated Real-time
INVEDRIFAC dataset
Chinthalachervu India INVEDRIFAC Video and Images In-vehicle (implied, as the system | Real-time,
(39 is designed for DDD) and Offline
Rehman (41) Pakistan Custom Dataset Video Real driving Real-time
Maior (42) Brazil Multimodality Drowsiness | Video Simulated Real-time
Database
Saradadevi (40) India Custom Dataset Video and Images In-vehicle (implied, as the system | Real-time
is designed for DDD)
Alioua (43) Morocco Custom Dataset Video Real driving Real-time
Vural (44) Turkey Custom Dataset Video Simulated Real-time
Tabrizi (45) Iran IMM Database and Custom | Video and Images Simulated Real-time
Dataset
Ed-Doughmi (46) Morocco National Tsing Hua Univer- | Video Simulated Real-time
sity Computer Vision Lab
Hashemi (47) Iran ZJU Eyeblink Database and |Images Simulated Real-time
Extended Dataset
Xiao (20) China Custom Dataset and TJPU- | Video Simulated Real-time
FDD
Padamata (48) India Custom Dataset Images Real driving Real-time
Cheamanunkul (49) |Thailand Custom Dataset Video Simulated Real-time
Thakur (50) India MRL Eye Dataset and Cus-|Images In-vehicle (implied, as the system | Real-time
tom Dataset is designed for DDD)
Phan (51) Vietnam API, Kaggle, RMFD, iStock |Video and Images Simulated Real-time
Zhao (52) China Custom Dataset Images Real driving Real-time
Nguyen (53) South Korea | Custom Dataset Images Stimulated Real-time
Salman (54) Malaysia YawDD Videos Simulated Offline
Chirra (55) India Custom Dataset Images In-vehicle (implied, as the system | Real-time
is designed for DDD)
Ghazal (56) UAE CEW and LFW Images Simulated Real-time
Jahan (57) Bangladesh |MRL Eye Dataset Images Simulated Real-time
Arsic (58) Serbia Custom Dataset Video Simulated Real-Time
Kulhandjian (59) USA Custom Datasets Video and Images Real driving Real-Time
Saif (60) Malaysia iBUG and Real-time monoc- | Video Simulated Real-Time
ular video
Park (61) South Korea | NTHU Video and Images Simulated Real-Time
Huynh (62) South Korea | NTHU Video Simulated Sequence-
based
classifica-
tion
Jia (63) China WIDER FACE, and MTFL Video and Images Simulated Real-Time
Xie (21) USA YawDD, NTHU-DDD, and a | Video Simulated Real-time
custom dataset
Tamanani (64) Canada Custom Dataset Video Simulated Real-Time
Valsan (65) India Custom Dataset Video Real driving Real-Time
Jabbar (66) Taiwan Custom Dataset Video Simulated Real-time
Pachouly (67) India MRL Eye Dataset Video and Images Simulated and real driving Real-time
Xiaofeng (68) China Custom Dataset Video and Images Simulated and real driving Real-time
Geng (69) China TJPU-FDD, ZJU, Brain4Cars | Video Simulated Real-time
Chand (70) India DDD Dataset, Extended|Images Real driving Real-time
Cohn-Kanade Dataset
Panwar (71) India Custom Dataset Video Real driving Real-time
Victoria (72) India Custom Dataset Video NA Real-time
Dipu (73) Bangladesh |Custom Dataset Video and Images Simulated Real-time
Walizad (74) India MRL Eye Dataset Images NA Real-time
George (75) India Eye Chimera database Video and Images NA Real-time
Celona (76) Italy NTHU Video and Images Simulated Real-time
Zhuang (77) China NTHU Videos Simulated Real-time
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Authors Country Dataset Name Input Data Modality | Driving Context | Inference Mode
Zhang (78) USA Custom Dataset Videos Real driving Real-time
Macalisan (18) Philippines |Google Images and Kaggle |Video and Images Simulated Real-time
Yu (79) South Korea | NTHU Video Simulated Real-time
Lyu (80) China NTHU and FI-DDD Video Real driving Real-time
Wang (81) China Custom Dataset + multiple | Video and Images Simulated Real-time
public face datasets
Pattarapongsin (82) |Thailand FDDB, WFLW, and custom |Video and Images Real driving Real-time
Dataset
Dua (83) India NTHU and Custom Dataset |videos Simulated Real-time
Yarlagadda (84) India Custom Dataset Video Real driving Real-time
Rajamohana (85) India Public Dataset | Video and Images Simulated Real-time
(mrl.cs.vsb.cz/eye)
Shahverdy (86) Iran Custom Dataset NA Real driving Offline
Guo (87) Taiwan ACCV Visual Simulated Real-time
Kim (88) South Korea | Custom Dataset Images Simulated Real-time
Deng (89) China Custom Dataset and Public | Video Simulated Real-time
Datasets
Aydemir (90) Turkey Custom Dataset Video Simulated Real-time
Mahmoud (91) UAE NTHU Video Simulated Real-time
Shiau (92) Japan Custom Dataset Video Real driving Real-time
Yu (29) China Custom Dataset Multimodal (PPG, Fa- |Real-road Offline
cial, Head Pose)
Adhithyaa (22) India KEC+ NTHU Video Real-road Offline
Almazroi (93) Hungary NA Video Real-road Offline
Benmohamed (25) |Taiwan NTHU Video Real-road Offline
Huang (94) China NTHU Video Simulated Offline training + real-time
inference
Narayana (95) India Custom dataset (facial video | Video Simulated Real-time
recordings)
Kharat (96) India Custom dataset Video Real driving Real-time

Table summarizes the dataset properties and implementation conditions of all reviewed studies. It outlines the dataset name,
input data modality (public or custom), data modality, driving context (simulated or real-world), and inference mode.
This table provides essential context for interpreting model performance by clarifying the environments in which data
were collected and systems were evaluated. DDD: driver drowsiness detection; NA: not available.
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M eI EXOBE Risk of bias ratings for included studies based on the PROBA-AI checklist (PROBA-AI Risk of Bias Evaluation)

Authors Participants Predictors Outcome Analysis Overall Risk of Bias
Al-Anizy (97) High Low High High High
Mehta (35) High Low High High High
Redhaei (36) High Low High High High
Dey (37) High Low High High High
Kumaran (38) High Low High High High
Chinthalachervu (39) High Low High High High
Rehman (41) High High High High High
Maior (42) Low Low Low Low Low
Saradadevi (40) High High High High High
Alioua (43) High Low Moderate Moderate Moderate
Vural (44) Moderate Low Low Low Low
Tabrizi (45) Moderate Low Moderate Moderate Moderate
Ed-Doughmi (46) Moderate Moderate High High High
Hashemi (47) Moderate Low Low Low Low

Xijao (20) Moderate Low Moderate Low Moderate
Padamata (48) Low Low Low Moderate Low
Cheamanunkul (49) High Moderate High Moderate High
Thakur (50) High Moderate High Moderate High
Phan (51) Moderate Low Low Moderate Moderate
Zhao (98) Moderate Low Low Moderate Moderate
Nguyen (53) Moderate Low Low Moderate Moderate
Salman (54) Moderate Low Low Moderate Moderate
Chirra (55) High Low Low High High
Ghazal (56) Low Low Low Moderate Low
Jahan (57) Low Low Low Low Low
Arsic (58) Low Low Low Low Low
Kulhandjian (59) Low Low Low High Low

Saif (60) Moderate Low Low Moderate Moderate
Park (61) Low Low Low High Low
Huynh (62) Low Low High High High

Jia (63) High Low High High High

Xie (21) Low Low Low Moderate Low
Tamanani (64) Low Low Moderate High Moderate
Valsan (65) High Low High High High
Jabbar (66) Moderate Low Low Low Low
Pachouly (67) High Moderate Moderate High High
Xiaofeng (68) Low Low Low Low Low
Geng (69) Moderate Low Low Moderate Moderate
Chand (70) High High High High High
Panwar (71) High High High High High
Victoria (72) Moderate Low Low Moderate Moderate
Dipu (73) High Low High High High
Walizad (74) Moderate Low Low Moderate Moderate
George (75) Low Low Low Low Low
Celona (76) Low Low Low Low Low
Zhuang (77) Low Low Low Low Low
Zhang (78) Low Low Low Low Low
Macalisan (18) High High High High High

Yu (79) High High High High High

Lyu (80) Low Low Low Low Low
Wang (81) Moderate Low Low High Moderate
Pattarapongsin (82) High Low Low Moderate Moderate
Dua (83) Low Low Low Low Low
Yarlagadda (84) Low Low Low Low Low
Rajamohana (85) High Moderate Low Moderate High
Shahverdy (86) Low Low Low Moderate Low

Guo (98) Low Low Low Low Low

Kim (88) High Low Moderate High High
Deng (89) Moderate Low Low Moderate Moderate
Aydemir (90) Low Low Low Moderate Low
Mahmoud (91) Moderate Low Low Moderate Moderate
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M eI EXOBE Risk of bias ratings for included studies based on the PROBA-AI checklist (PROBA-AI Risk of Bias Evaluation)

Authors Participants Predictors Outcome Analysis Overall Risk of Bias
Shiau (92) Low Low Low Low Low

Yu (29) High High High High High

Adhithyaa (22) High Low High High High

Almazroi (93) High Low High High High

Benmohamed (25) High Low High High High

Huang (94) Moderate Low Low Moderate Moderate

Narayana (95) Low Low Low Low Low

Kharat (96) Moderate Low Moderate Moderate High

Table reports the risk of bias assessment for each study using the PROBA-AI framework. Domain-level judgments and overall
ratings are provided to reflect methodological rigor and potential sources of bias. This table supports a transparent appraisal
of evidence quality and enhances the interpretability of findings presented in the review.

Data acquisition
module: |
Image or video

| Eve blinking \ \ Drowsy
PERCLOS

Preprocessing Detection - Output Alarm activation
module module module module

Machine learning: Not drowsy
1-logistic regression
I Yawning 2-detection tree
3-SVM
Head/Eye 4-Random Forest
movement
| Evye closure Deep learning:
1-CNN
| Facial expression 2 RMNM
3-CNN+RNN
4-LSTM
S-ANN
6-KNN

Atypical schematic and flow of information in drowsiness detection systems that rely on images or videos (17). PERCLOS: Percentage
of Eyelid Closure over Time; SVM: Support Vector Machine; CNN: Convolutional Neural Networks; RNN: Recurrent Neural Network; LSTM:
Long Short-Term Memory; ANN: Artificial Neural Network; KNN: K-Nearest Neighbors.
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