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Abstract - Driver drowsiness is one of the common factors to
traffic accidents, particularly on long-distance routes and
highways. In recent years, numerous studies on driver state
monitoring based on deep learning have been proposed, mainly
focusing on improving recognition accuracy and adaptability to
various environmental conditions. However, most of these studies
remain at the warning level, while recognition to support
proactive risk mitigation and driver’s safety-oriented support
remains limited. This paper proposes a driver state monitoring
system using deep learning models to monitor eye states and
yawning behaviors of the driver. Based on the recognition
outcomes, a lightweight intervention support mechanism is
implemented to reduce potential risks for drivers.
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1. Introduction

Driver drowsiness is often underestimated, although it
is considered one of the leading causes of traffic accidents
resulting in injuries and fatalities worldwide. According to
the AAA Foundation report, drowsy driving accounts for
approximately 8.8-9.5% of all investigated crashes, with
those leading to significant human and property damage or
injuries representing 10.6—10.8% [1]. In the United States,
the National Highway Traffic Safety Administration
(NHTSA) recorded approximately 684 fatalities related to
drowsy driving in 2021 [2].

Drowsy driving occurs silently; a loss of attention for
only a few seconds may lead to severe consequences.
Contributing factors such as night-shift work [3], sleep
disorders, and prolonged driving duration [4] have been
studied and shown that accumulated fatigue significantly
reduces the ability to maintain alertness, thereby increasing
the risk of traffic accidents.

In recent years, the demand for driver state monitoring
systems has continuously increased. In general, existing
monitoring approaches can be categorized into two main
groups: invasive and non-invasive methods. Although
invasive methods can directly assess the physiological state
of the driver, they cause inconvenience to users [5]. In
contrast, non-invasive methods based on computer vision
are considered more suitable for practical applications due
to minimal interference with the driver. However,
traditional methods relying on handcrafted features still
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encounter significant limitations under

environmental conditions [6].

complex

The advancement of deep learning technology,
particularly Convolutional Neural Networks (CNNs), has
opened a more effective approach due to their capability of
automatic feature extraction in tasks such as facial state
recognition and expression classification [7]. Nevertheless,
most existing studies mainly focus on improving
recognition accuracy and remain at the warning level,
while leveraging recognition results to provide proactive
and safety-oriented assistance remains limited.

Motivated by these issues, this study proposes a CNN-
based driver monitoring system through eye state
classification and yawning behavior detection to evaluate
driver status. Based on the assessment results, an assisted
intervention module is integrated under assumed scenarios
to reduce risks to life and property.

2. Overall System Architecture

This section presents the overall architecture of the
proposed driver drowsiness monitoring and assisted
intervention system. The system focuses on utilizing
computer vision combined with deep learning to monitor
driver state while providing graded intervention
mechanisms to minimize risk.

Overall, the system consists of four main functional
blocks: (i) Image acquisition from an in-cabin RGB
camera; (ii) a deep learning-based driver state



ISSN 1859-1531 - TAP CHi KHOA HOC VA CONG NGHE BAI HOC DA NANG, VOL. 24, NO. 5A, 2026 39

classification module; (iii) a driver state evaluation
module; (iv) a graded assisted intervention module. This
architecture clearly separates the recognition stage, state
inference stage, and decision-making stage.
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Figure 1. Overview of the proposed system

Specifically, the deep learning-based monitoring
module employs lightweight CNN models to classify eye
states and detect yawning behavior from Regions of
Interest (ROI) extracted from the face. Recognition results
are then forwarded to the driver state evaluation module.
The driver state is categorized into multiple levels based on
accumulated information within sliding time windows,
allowing temporal assessment of driver alertness.
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Figure 2. Flowchart of the driver monitoring and
assisted intervention system
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After determining the drowsiness levels, the system
activates intervention strategies corresponding to each
level. Support measures are sequentially triggered, starting
with mild warnings such as audio and visual signals and
escalating to higher intervention levels when the driver is
detected to be incapable of maintaining vehicle control
under assumed scenarios. This graded approach aims to
prevent unnecessary inconvenience while keeping the
driver at the center of intervention decisions.

2.1. Driver State Classification Module
2.1.1. Facial ROI Extraction

The input data are collected using an RGB camera
installed inside the vehicle cabin. This approach ensures
non-invasiveness and does not interfere with the driver.

To achieve accurate eye and mouth localization, the
proposed system employs MediaPipe FaceMesh with
468 3D facial landmarks [8]. Unlike traditional Haar
cascade detectors [9] or Dlib-based facial landmark
approaches [10], which may degrade under varying
illumination and large head poses, FaceMesh estimates a
dense 3D facial mesh that enables more stable ROI
extraction and improved localization accuracy [8].

However, experimental observations show that when
the camera is positioned at a distance of 50—60 cm from the
driver’s face, the ROI generated directly from FaceMesh

landmarks does not align well with the image regions used
during model training. This domain shift leads to reduced
prediction accuracy. Therefore, this study proposes an ROI
adjustment strategy based on expanding the bounding box
[11] extracted from facial landmarks.

o \4 1 (

Figure 3. Distance between the camera and the driver
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Figure 4. Effect off ROI expansion factor on facial state
prediction performance

The initial facial bounding box L={p =(x,y)}., Iis

determined from landmark limits follows: x  =min(x,),

mi

X, =max(x,), y_=min(y,), vy, =max(y,). The width and

height of the bounding box are computed as: w = x
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max min
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To incorporate additional image context and reduce the
domain shift between training and real-world data, the
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bounding box is expanded along both dimensions using
scaling factors o va .

The expansion is defined as:
Ax=oaw, Ay = fh

The coordinates of the expanded bounding box are
computed as:

X!, =max(0,x

i win =A%) > X = min(W, x,, +AX)

y:‘nin = maX(O’ ymin - Ay) > y:nax = min(H’ ymax + AY)

Where H and W denote the height and width of the
input image, respectively.

The expansion parameter was evaluated using two
independent videos to determine its impact on precision and
recall. Both datasets show consistent performance trends.
The highest recall is observed when the ROI expansion
factor lies between 1.3 and 1.4. Precision also reaches its
maximum within this range for both datasets, indicating an
optimal trade-off between precision and recall.

When the expansion factor exceeds 1.5, recall
decreases due to domain shift. Based on these results, the
expansion factor a=8=1.35 is selected for the proposed
system to ensure stable performance across experimental
videos.

2.1.2. Eye Region Extraction Based on Facial Landmarks

After determining the facial ROI, the system extracts
the eye regions for eye state classification. The eye region
is a critical parameter in evaluating driver alertness,
particularly based on blink frequency and prolonged eye
closure duration.
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Figure 5. Effect of ROI expansion factor on
eye state prediction performance

In this study, the eye regions are extracted from
MediaPipe FaceMesh landmarks. Each eye is defined by
eight landmark points, enabling precise localization of the
upper eyelid, lower eyelid, and eye corners in each frame.
Similar to the facial ROI, the eye ROIs are expanded using
a margin parameter applied to the bounding box in four
directions.

The expanded bounding box is computed as:

X =max(0,x - margin), xvm =min(W,x -+ margin)

y,, =max(0,y  -margin),y =min(H,y_ +margin)
Where:

Xmin, Xmax, Ymin, Ymax: denote the initial eye bounding box
coordinates determined from the landmarks;

min

W, H: denote the frame width and height, respectively;

margin: the expansion parameter applied in four
directions.

Experimental evaluation with different margin values
was conducted to assess impacts on precision, recall, and
Fl-score. When the margin is too small (<20 px), the
extracted ROI becomes narrow and noisy. When the
margin is too large (>60 px), irrelevant background regions
are included, causing domain shift and performance
degradation. A margin range of 22-26 px maintains high
recall while precision and F1-score reach stable saturation.
Therefore, margin = 24 px is selected.

2.1.3. Proposed CNN  Architecture
Methodology

After ROI extraction and adjustment, eye-state and
yawning behavior recognition are performed using two
independent lightweight CNN models. Although both
tasks are related to driver fatigue analysis, previous
studies have reported that shared multi-task learning
frameworks may suffer from task interference and feature
competition, leading to degraded task-specific
representation capability [12-14]. Therefore, two
independent CNN models with identical architectures are
adopted to improve classification robustness and training
stability.

and  Training

To ensure computational efficiency suitable for real-
time in-cabin deployment, a lightweight CNN architecture
is proposed. The network processes RGB input images
resized to 255x255 pixels. The main feature extraction
consists of five sequential convolutional blocks, where
each block applies a 3x3 convolutional layer with a ReLU
activation function followed by a 2x2 max-pooling layer
for spatial downsampling. The number of filters
progressively increases from 32 to 128. Following feature
extraction, the feature maps are flattened and connected to
a fully connected layer with 128 neurons. To improve
generalization and reduce overfitting, Batch Normalization
and a Dropout layer with a rate of 0.3 are employed before
the final Softmax classification layer. The proposed
architecture contains fewer than one million trainable
parameters, providing a balance between classification
accuracy and computational efficiency for embedded
driver-monitoring applications.
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The models were trained using a dataset comprising
approximately 3,000 facial images collected from
publicly available datasets and refined through ROI
extraction and preprocessing. The dataset includes driver
facial states associated with eye closure and yawning
behavior and was partitioned into 80% training, 10%
validation, and 10% testing subsets. To improve
robustness despite the limited dataset size, on-the-fly data
augmentation was applied exclusively to the training set,
including random horizontal/vertical flipping and rotation
operations.

During training, the models were optimized using the
Adam optimizer and Sparse Categorical Crossentropy loss
function with a batch size of 32. An Early Stopping
mechanism with a patience of 15 epochs was employed to
monitor validation loss and restore the best-performing
weights. Experimental results demonstrated stable
convergence behavior without significant overfitting
between training and validation stages.

Yawning Detection

1.0 4 -
P
-
>
-
-
L
-
0.8 -7
y -
y -
-
/ -
e 0.6 -
E -
= -
o 0.4 4 i
2 / L
-
P
L
-
0.2 -
-
-
-
-
o —— Single model (AUC=0.722)
oo4 ¥ Multi model (AUC=0.721)
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

ROC Curve — Video Evaluation

1.0 1

0.8 4

0.6

0.4

True Positive Rate

0.2 +

e —— Single model (AUC=0.865)
0.0 4 - Multi model (AUC=0.500)
T T T T . .

0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

Figure 6. Performace comparision between independent model
and multi-task model

The ROC analysis shown in Figure 6 further supports
the effectiveness of the proposed single-task learning
strategy. For yawning detection, the independently trained
CNN achieved an AUC score of 0.722, slightly
outperforming the multi-task model. More importantly,
during video evaluation under continuous monitoring
conditions, the single-task model achieved a significantly
higher AUC score of 0.865, while the multi-task model
exhibited unstable performance with an AUC value close
to random classification. These results indicate that
separating eye-state and yawning recognition into two
dedicated CNN models improves temporal robustness and

classification reliability in practical driver-monitoring
scenarios.

The eye-state model outputs class open and closed eyes,
while the yawning model classifies yawning and non-
yawning behavior. Individual frame-level predictions are
subsequently aggregated through sliding-window analysis
to reduce temporary misclassification and improve
temporal robustness during driver-state evaluation.

2.2. Driver State Evaluation Module

After classification by CNN, driver state is evaluated
using the PERCLOS (Percentage of Eye Closure) index,
defined as the proportion of time during which the driver’s
eyes are at least 80% closed [16]. In the proposed system,
PERCLOS is computed over two sliding windows with
durations T = 30 s and T = 60 s. The resulting value are
subsequently utilized to determine the corresponding
intervention levels.

NCI d
PERCLOS = —2=*
N

Where, Nciosed: the number of frames classified as closed
eyes; N: the total number of frames within duration T.

Based on the synthesis of previous studies [17-21],
when the PERCLOS value exceeds the selected threshold
for state classification, the driver is considered to exhibit
signs of drowsiness or reduced alertness. The
aforementioned studies have employed PERCLOS
thresholds in the range of 0.12-0.30 to identify significant
drowsiness. Accordingly, the proposed system adopts a
PERCLOS threshold of 0.10 for a sliding window of
T = 30s to enable early detection of alertness degradation.
In addition, a threshold of PERCLOS = 0.30 is applied for
a sliding window of T = 60s to identify pronounced
drowsiness or severely reduced driving capability. This
time-based approach allows the system to detect early signs
of fatigue, improve reliability, and reduce the influence of
random physiological blinking.

In addition to PERCLOS-based evaluation, yawning
behavior is incorporated as a complementary indicator to
enhance early detection of driver fatigue. Behavioral cues
such as yawning and eye closure have been widely used in
driver monitoring studies as observable signs of reduced
alertness [15].

Since yawning behavior is temporally sparse rather
than continuously observable, its frequency is evaluated
within the same sliding time window and defined as:

— N yawn
-fyawn

T

Where, Nyawn is the number of classified yawning events
within the duration T.

Instead of using a rigid threshold, the proposed system
utilizes yawning frequency as a supplementary factor to
increase the sensitivity of early fatigue detection.
Specifically, the presence of yawning events within a short
duration may reinforce the activation of early warning,
even when the PERCLOS value has not yet exceeded the
predefined threshold. This mechanism enables the system
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to identify early-stage fatigue prior to
PERCLOS elevation.

However, due to its intermittent and less temporally
stable nature, yawning behavior is not utilized as the
primary trigger for safety-critical intervention. Therefore,
PERCLOS remains the principal metric for intervention
decisions, ensuring robustness and minimizing false-
positive activations.

significant

The proposed intervention framework is modular and
primarily depends on fatigue-related behavioral
indicators rather than a specific recognition architecture,
allowing integration with alternative driver-monitoring
approaches capable of providing equivalent fatigue-state
estimations.

2.3. Graded Assisted Intervention Module

After the driver’s state is evaluated by the state
assessment module, the graded assisted intervention
module is activated to mitigate accident risks associated
with reduced driver alertness. The proposed framework
prioritizes early warning before active intervention.

The intervention strategy primarily relies on PERCLOS
values computed within sliding time windows, while
yawning frequency is incorporated as a complementary
factor to enhance early-stage detection. The system defines
two graded levels:

- Early warning level: When the PERCLOS value
exceeds 0.10 within a sliding window of T=30s, the driver
i1s considered to exhibit reduced alertness. In addition,
frequent yawning events within the same temporal
window may reinforce the activation of visual and
auditory warnings even when the PERCLOS value
remains close to the predefined threshold. This level aims
to help the driver regain alertness through early non-
invasive notifications.

- Intervention support level: When the PERCLOS value
exceeds 0.30 within a sliding window of T=60s, the system
identifies a high risk of prolonged drowsiness or loss of
vehicle control capability. At this stage, the intervention
module performs a final verification through intensified
warnings combined with early-stage alerts. If no driver
response is detected, the assisted intervention mechanism
is activated to reduce potential risks.

3. Proposed Assisted Intervention Method

When the assisted intervention module is activated, the
proposed system employs an intervention strategy based on
the Time-To-Collision (TTC) index to estimate the level of
danger in the forward traffic situation and make decisions
to bring the vehicle to a safe stop [22, 23].

[oN

_ rel _
TTC — > Vil = Vego " Viead

rel

t

<

Where,

drei: the relative distance between the ego vehicle and
the preceding vehicle;

Vrel: the relative velocity;
Vego: the velocity of the ego vehicle;

Viead: the velocity of the preceding vehicle.
The vehicle stopping time is computed as:

A\

t — _rel

stop .
|/

Where j denotes the braking acceleration of the vehicle

Based on trrc value, the system performs staged
intervention through braking phases PBi, PB,, and FB with
progressively increasing deceleration levels across each
phase, ranging from Partial Braking (PB) to Full Braking
(FB), according to the control logic trrc < tsop & trrc <0 in
order to reduce vehicle speed and ensure that the vehicle
stops before a collision occurs.

The system is evaluated using assessment scenarios
selected according to the Euro NCAP recommendations
[24] and is implemented and validated for effectiveness
within the MATLAB/Simulink simulation environment.

3.1. Simulation Scenarios

The simulation scenarios used to evaluate the
effectiveness of the proposed assisted intervention strategy
in ensuring driver safety are selected based on the Euro
NCAP recommendations [24], including CCRs (Car-to-
Car Rear Stationary), CCRm (Car-to-Car Rear Moving),
and CCRb (Car-to-Car Rear Braking) scenarios.

It should be noted that the simulations are conducted
under simplified conditions to focus on evaluating the
effectiveness of the proposed intervention strategy.
Therefore, environmental and weather effects, sensor
uncertainties, and preceding-vehicle trajectory instability
are neglected, while a 100% overlap between vehicles is
assumed.

3.2. Validation of the effectiveness of the proposed method
in the MATLAB/Simulink Simulation Environment

The vehicle selected for simulation is characterized by
dynamic parameters chosen based on representative values
of passenger sedan vehicles. This representative parameter
selection is commonly adopted in studies on vehicle safety
systems [24].

Table 1. Model Parameters

Component Parameter | Value | Unit
Vehicle mass m 1575 | kg
Wheelbase L 2800 | mm
Distance from center of gravity to a 1450 | mm
front axle
Distance from center of gravity to b 1350 | mm
rear axle
Braking acceleration PB) JjPBI 3.8 | m/s?
Braking acceleration PB2 JjpB2 53 | m/s?
Braking acceleration FB JFB 8.0 | m/s?
3.2.1. Dynamic Model of the Simulated Vehicle

The rotational motion of the vehicle in three-

dimensional space is described by three Euler angles: roll
(¢), pitch (8) and yaw (), corresponding to rotations about
the longitudinal, lateral, and vertical axes attached to the
vehicle body [25, 26].



ISSN 1859-1531 - TAP CHi KHOA HOC VA CONG NGHE BAI HOC DA NANG, VOL. 24, NO. 5A, 2026 43

The roll angle describes the lateral tilting motion of the
vehicle body about the longitudinal axis and is commonly
associated with rollover risk during cornering maneuvers
[25]. However, under the assumed straight-line braking
scenario on a flat road surface, the lateral acceleration is
negligible and therefore is disregarded.

The pitch angle describes the rotational motion of the
vehicle body about the lateral axis. During braking,
longitudinal load transfer from the rear axle to the front
axle may induce a nose-down pitching motion [26].
However, since the proposed study focuses on straight-
line braking scenarios, pitch dynamics are assumed
negligible because they have limited influence on the
longitudinal vehicle trajectory and braking performance
evaluation.

Figure 8. Dynamic model of the vehicle

In contrast, yaw motion directly reflects changes in the
vehicle heading within the road plane [26]. Directional
instability phenomena such as oversteer, understeer, or
vehicle spin are manifested through variations in the yaw
moment and yaw rate [27].

Accordingly, this study adopts a planar two-degree-of-
freedom vehicle dynamic model that considers only lateral
motion and yaw motion, while neglecting roll and pitch
degrees of freedom, in order to evaluate the directional
stability of the vehicle during intervention, especially
under high deceleration braking phases.

3.2.2. Car-to-Car Rear Stationary (CCRs) Scenario

TTC vs. Stopping Time
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Figure 9. Vehicle kinematic responses in the CCRs scenario

In this scenario, the initial distance between the ego
vehicle and the target vehicle is set to 60 m, and the initial
velocity of the ego vehicle is 22.22 m/s (80 km/h). The
target vehicle is assumed to be stationary. At the beginning
of the simulation, the trrc=2.7s, which is lower than the

PB2 activation threshold of 4.2 s, indicating a medium-to-
high risk situation when the driver loses control and the
safe distance is not maintained.

The simulation results in the CCRs scenario indicate
that the proposed system is capable of timely detection and
intervention when the driver loses control. The
longitudinal braking acceleration reaches -8 m/s?, while the
lateral dynamic indicators remain at low levels, and the
vehicle maintains directional stability. The vehicle is able
to decelerate and come to a stop before reaching the
obstacle, with no collision occurring.

3.2.3. Car-to-Car Rear Moving (CCRm) Scenario

In the CCRm scenario, the ego vehicle travels at
22.22 m/s (80 km/h), while the target vehicle moves at a
lower speed of 16.67 m/s (60 km/h), with an initial
separation distance of 60m. The simulation results
demonstrate that the proposed system enables the vehicle
to stop safely without collision while maintaining
directional stability during braking. These results confirm
that the system satisfies the safety requirements under the
tested scenario.
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Figure 10. Vehicle kinematic responses in
the CCRm scenario

3.2.4. Car-to-Car Rear Braking (CCRb) Scenario
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Figure 11. Vehicle kinematic responses in the CCRb scenario

In the CCRbD scenario, the initial velocities of both
vehicles are 13.89 m/s (50 km/h), the initial distance is
40 m, and the braking acceleration of the target vehicle is
—6 m/s?. The proposed system enables the ego vehicle to
stop and avoid collision with the preceding vehicle during
the simulation. The results show that the system meets the
safety requirements, as no collision occurs and the vehicle
remains stable during braking.
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3.2.5. Braking Forces Generated at the Brake Mechanisms

The proposed system is evaluated under assumed
scenarios with severe conditions requiring high braking
deceleration. The braking force distributed to the front and
rear axles is calculated as follows [28, 29]:

jmullg
ga

Gb J.h, Ga
F,=—(@1+="5), F, =—(-
2L gb 2L

)o

Where, G = mg is the vehicle weight;

a, b: the distances from the center of gravity to the front
and rear axles, respectively;

h,: the height of the center of gravity;
L: the wheelbase;

Jmax: the braking deceleration;

g: the gravitational accleration;

¢: the tire-road adhension coefficient.

The simulation results show that when the vehicle
transitions to maximum braking, the braking force
distributed to the front axle increases significantly. This
trend is consistent with the characteristic longitudinal load
transfer toward the front axle during hard braking, thereby
reflecting the rationality of the brake force distribution
under high deceleration conditions.
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Figure 12. Force Distribution at the Brake Mechanisms

4. Conclusion

This paper has presented and developed a driver state
monitoring system integrated with a proactive
intervention capability based on deep learning
technology. The main results achieved in this study can
be summarized as follows. First, the study identified an
optimal facial ROI expansion factor in the range of
1.3-1.4, along with an eye margin of 24 px, enabling the
CNN model to maintain classification stability and
improve accuracy. Second, the system performs
drowsiness classification based on accumulated
PERCLOS values over 30 s and 60 s sliding windows,
allowing early detection of alertness degradation before
activating  the intervention mechanism.  Third,
experimental scenarios conducted in accordance with
the Euro NCAP standards demonstrate that the TTC-
based intervention strategy enables the vehicle to stop
safely while maintaining directional stability under
emergency braking conditions.

Although promising results have been obtained,
several limitations remain to be addressed. Specifically,
the size of the training dataset is still limited; therefore,
further dataset expansion, data augmentation techniques,
and the integration of IR cameras are necessary to
improve model prediction performance under various
lighting and weather conditions. In addition, the current
intervention mechanism focuses solely on longitudinal
control and does not consider lateral dynamics. Hence,
the incorporation of trajectory planning or evasive control
algorithms is required to enhance collision mitigation
capability in situations where braking alone is
insufficient.

Overall, the simulation results confirm the feasibility of
the proposed intervention approach in mitigating risks
associated with reduced driver alertness.

Future work will focus on implementing the system on
real-time embedded platforms and conducting experiments
on real vehicles under complex traffic conditions, aiming
toward practical deployment of the proposed solution.
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