XLIII BRAZILIAN SYMPOSIUM ON TELECOMMUNICATIONS AND SIGNAL PROCESSING - SBrT 2025, SEPTEMBER 29TH TO OCTOBER 2ND, NATAL, RN

Vision-Based Fatigue Detection Using a
Smartphone
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Abstract— Driver fatigue is a critical factor in traffic accidents,
especially in long-duration or nighttime driving. This project
aims to develop a near real-time driver fatigue detection system
capable of identifying early signs of drowsiness and alerting the
driver to prevent potential accidents. The system uses computer
vision techniques to analyze facial features such as eye closure,
yawning, and head movements, captured through a smartphone
camera. Data processing occurs locally to ensure low latency
and immediate response. The goal of the suggested solution is to
provide a low-cost, non-invasive, and efficient tool for enhancing
road safety, especially in the passenger and freight transportation
industries.

Keywords— Driver Fatigue Detection, Computer Vision,
Smartphone-based Monitoring, Real-Time Alert System, Drowsi-
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1. INTRODUCTION

Road transportation is a pillar of the Brazilian economy,
accounting for approximately 65% of the country’s freight
transport [1]. In 2023, there were over 2.18 million trucks
in operation (according to the Sindipecas circulating fleet
report). Despite its essential role, the sector faces a major
challenge: driver fatigue. This issue is a significant factor
in road accidents, responsible for 15-20% of them, with
over 3,000 fatalities recorded in 2024, based on data from
the Federal Highway Police. Truck drivers in Brazil often
work long hours with insufficient rest, increasing the risk of
accidents [2].

Globally, countries such as the United States, United King-
dom, and Australia have implemented strong regulations and
adopted advanced fatigue monitoring systems to enhance road
safety [3]. In contrast, Brazil still lacks accessible and effective
real-time solutions capable of addressing this issue at scale.

Generally, fatigue is characterized as a state of reduced
mental and physical performance capacity, often caused by
prolonged wakefulness, insufficient sleep, or extended periods
of monotonous activity [4]. In drivers, fatigue can lead to
slower reaction times, impaired judgment, diminished vehicle
control, and cognitive disengagement-often occurring without
conscious awareness. In response, various fatigue detection
technologies have emerged, broadly categorized into camera-
based, steering behavior analysis, vehicle dynamics moni-
toring, and biometric monitoring systems. However, these
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often present limitations in terms of cost, invasiveness, or
adaptability to diverse real-world conditions, especially for
large-scale deployment.

To address the lack of accessible solutions in Brazil,
this study proposes a low-cost, non-invasive, and accessible
smartphone-based fatigue detection system. The system em-
ploys MediaPipe to track facial landmarks and analyzes key
indicators such as eye closure and yawning using Euclidean
distance calculations. When signs of fatigue are detected,
the system immediately issues alerts, prompting the driver
to take necessary action. The proposed solution stands out
for its accessibility, as it utilizes widely available smartphone
hardware, making it feasible for large-scale deployment in
Brazil’s trucking sector.

The remainder of this paper is organized as follows: Sec-
tion II provides a comprehensive review of existing driver fa-
tigue detection technologies. Section III describes the method-
ology used in our proposed system. Section IV presents the
experimental results and a detailed discussion, and Section V
concludes with final thoughts and future directions.

II. RELATED WORK

Driver fatigue detection systems are commonly categorized
by their sensor modalities. One approach involves direct phys-
iological measures from biometric sensors, which monitor
signals like heart rate variability (HRV) and electrodermal
activity (EDA) [5], [6], [7]. While these methods offer high
precision, they are often considered intrusive and can be costly
to implement [8].

A second category includes indirect methods that in-
fer drowsiness from vehicle behavior, such as lane devia-
tion, speed variability [9], [10], and steering patterns [11],
[12]. However, the reliability of these vehicle-based indi-
cators can be affected by driving conditions. Consequently,
camera-based systems have become a more prominent ap-
proach. These non-invasive systems analyze visual cues
from the driver—including eye closure [13], yawning fre-
quency [14], [15], head pose [16], and the Eye Aspect Ratio
(EAR)—offering a balance of high accuracy and practicality
for real-time applications [17].

The computer vision techniques for these systems have
evolved from traditional libraries like OpenCV and Dlib to
deep learning (DL). Convolutional Neural Networks (CNNs),
in particular, offer superior accuracy and robustness by en-
abling end-to-end learning from video [18], [19]. While smart-
phones provide a ubiquitous platform for deployment [20],
they face challenges related to high computational demands,
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variable lighting, and ergonomics. Nonetheless, the demand
for low-cost, accessible monitoring solutions continues to drive
innovation in the field [21].

III. ComPUTER VIsioN-BASED FATIGUE DETECTION
A. Problem statement and assumptions

Fatigue, in the context of driving, is a state of physical
and mental exhaustion that significantly reduces the abil-
ity of a driver to operate a vehicle safely [22]. Tools like
the Karolinska Sleepiness Scale (KSS) [TABLE I] attempt
to quantify subjective sleepiness by rating drowsiness on a
nine-point scale, but such self-assessment methods are not
practical for continuous, real-time monitoring in operational
environments. To overcome the challenges of traditional driver
monitoring systems, this project proposes a computer vision-
based approach with only a front-facing smartphone camera
and on-device processing.

TABLE I. Karolinska Sleepiness Scale (KSS)

Score  Description

Extremely alert

Very alert

Alert

Rather alert

Neither alert nor sleepy

Some signs of sleepiness

Sleepy, but no effort to keep awake

Sleepy, some effort to keep awake

Very sleepy, great effort to keep awake, fighting sleep
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B. The proposed method

The proposed system performs real-time facial landmark
detection using MediaPipe, an open-source framework devel-
oped by Google. MediaPipe provides detailed facial mapping
with up to 468 3D facial landmarks. Key landmarks associated
with fatigue include regions around the eyes and mouth, which
are used to infer the driver’s state.[23]

The fatigue is assessed by analyzing facial landmarks and
identifying behaviors such as eye closure and yawning.

« Eye State Detection: The system calculates the Eye
Aspect Ratio (EAR) using six landmarks around each
eye:

P2 — psll + [lps — ps||

1
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A low EAR indicates eye closure. If EAR falls below a
threshold (for example, 0.25), it is considered a sign of
drowsiness.

o Yawning Detection: The Euclidean distance between
upper and lower lip landmarks is calculated. A value
above a predefined threshold is interpreted as a yawn,
and therefore potential fatigue.

o Temporal Filtering: To reduce false positives, temporal
consistency checks are applied to ensure that short-term
actions such as blinking or talking are not misclassified
as fatigue.

EAR =

(b) 115-121 Lux

(c) 5-8 Lux

(d) 0.001-1 Lux

Fig. 1. Test images under varying illumination levels.

3. System Latency and responsiveness: Latency plays a
crucial role in real-time fatigue detection. The system logs
three timestamps:

e to: Initial detection of eye closure or yawning.
e t,: Time when the detection threshold is satisfied.
« t,: Time when the alert is triggered.

The system latency is calculated as:

Latency = t,, — o 2)

Minimizing this value is essential for timely alerts. In addi-
tion to algorithmic latency, camera latency is also important,
specifically the time MediaPipe takes to process video frames.
MediaPipe includes tools to measure this latency directly.

4. Performance in Low-Light and Variable Lighting Condi-
tions: Figure 1 displays examples of images captured under
various illumination levels during testing, to better evaluate
robustness in real world environments. Performance is assessed
based on:

« False Positives: Incorrectly triggered fatigue alerts.
« False Negatives: Missed fatigue events.

These evaluations help validate the reliability of the system
in varying ambient light conditions.
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IV. REsuLTs

The experimental results indicate that system performance
is highly dependent on camera stability, a crucial factor for
applications in moving vehicles. In a test with a moving
camera over 27.56 seconds, the system achieved 19.88 FPS
but registered a high median latency of 1337 ms across
548 inferences, rendering it unsuitable for real-time use. In
contrast, a test with a stable camera and a seated subject over
205.47 seconds yielded a significantly lower median latency
of 110 ms. Although the frame rate dropped to 7.50 FPS, this
stable setup allowed for 1542 inferences, demonstrating more
reliable and timely detection.

Regarding the processing speed of the core algorithms, the
latency ranges of 2246 ms for eye closure detection and 41—
56 ms for yawning detection confirm that the processing itself
is sufficiently fast for real-time alerts once video frames are
stably acquired. Lighting conditions also significantly affected
accuracy, as illustrated by the visual quality of inputs in
Figure 1. As demonstrated in Tables II and III, the system
performed excellently in bright light (115-121 Lux). However,
in dimmer (5-8 Lux) and very low light (0.01-1 Lux) settings,
both mouth opening and eye closure detection experienced
a rise in false negatives and false positives. This confirms
that sufficient and stable illumination is crucial for reliable
operation.

TABLE II. Mouth Opening Detection Under Varying Light Conditions

Light Level (Lux) TP FN FP

115-121 (Ceiling lamp) 24 1 1
5-8 (Dim room light) 21 4 1
0.01-1 (TV light) 22 3 2

TABLE III. Eye Closure Detection Under Varying Light Conditions

Light Level (Lux) TP FN FP

115-121 (Ceiling lamp) 25 0 3
5-8 (Dim room light) 24 1 2
0.01-1 (TV light) 23 2 4

V. CONCLUSIONS

The application demonstrated promising performance, with
fast response times and high accuracy under ideal lighting and
camera conditions. However, to ensure consistent reliability
during nighttime driving-common among truck drivers-it is
important to improve the algorithm’s robustness in low-light
environments. Future work should explore the use of discreet,
directed auxiliary lighting that does not interfere with driving,
as well as training models specifically tailored for low-light
scenarios.

REFERENCES

[1] R. D. Soliani, “Logistics and transportation in brazilian agribusiness:
The flow of grain production,” Journal of Economics, Business and
Management, vol. 10, no. 3, p. 210, 2022.

[2] R. D. Soliani, L. B. da Silva, and A. de Souza Barbosa, “The
effects of fatigue on truck drivers in cargo transportation: A
literature review,” Interciencia, vol. 48, no. 5, 2023. [Online].
Available: https://www.interciencia.net/wp-content/uploads/2023/06/01_
6961_A_Soliani_v48n5_8.pdf

[31 F. V. Narciso and M. T. d. Mello, “Safety and health of
professional drivers who drive on brazilian highways,” Revista
de Saiide Publica, vol. 51, 2017. [Online]. Available: https:
/ldoi.org/10.1590/S1518-8787.2017051006761

[4] W. Vanlaar, H. Simpson, D. Mayhew, and R. Robertson, “Fatigued
and drowsy driving: A survey of attitudes, opinions and behaviors,”
Journal of safety research, vol. 39, no. 3, pp. 303-309, 2008. [Online].
Available: https://doi.org/10.1016/j.jsr.2007.12.007

[5] F. Wang, D. Chen, W. Yao, and R. Fu, “Real driving environment
eeg-based detection of driving fatigue using the wavelet scattering
network,” Journal of Neuroscience Methods, vol. 400, p. 109983, 2023.
[Online]. Available: https://www.sciencedirect.com/science/article/pii/
50165027023002029

[6] Y. Jiao, C. Zhang, X. Chen, L. Fu, C. Jiang, and C. Wen, “Driver fatigue
detection using measures of heart rate variability and electrodermal ac-
tivity,” IEEE Transactions on Intelligent Transportation Systems, vol. 25,
no. 6, pp. 5510-5524, 2024.

[7]1 E. Rogado, J. Garcia, R. Barea, L. Bergasa, and M. Guillén, “Driver
fatigue detection system,” 03 2009, pp. 1105 — 1110.

[8] S.-Y. Shi, W.-Z. Tang, and Y.-Y. Wang, “A review on fatigue driving
detection,” ITM Web of Conferences, vol. 12, p. 01019, 09 2017.

[9] Y. Katyal, S. Alur, and S. Dwivedi, “Safe driving by detecting lane dis-
cipline and driver drowsiness,” in 2014 IEEE International Conference
on Advanced Communications, Control and Computing Technologies,
2014, pp. 1008-1012.

[10] Y. Nakagama, D. Ishii, and K. Yoshizoe, “Comparison of lightweight
methods for vehicle dynamics-based driver drowsiness detection,” 2025.
[Online]. Available: https://arxiv.org/abs/2506.07014

[11] Z. Li, S. E. Li, R. Li, B. Cheng, and J. Shi, “Online detection
of driver fatigue using steering wheel angles for real driving
conditions,” Sensors, vol. 17, no. 3, 2017. [Online]. Available:
https://www.mdpi.com/1424-8220/17/3/495

[12] Z. Li, Q. Yang, S. Chen, W. Zhou, C. Liukui, and L. Song, “A fuzzy
recurrent neural network for driver fatigue detection based on steering-
wheel angle sensor data,” International Journal of Distributed Sensor
Networks, vol. 15, p. 155014771987245, 09 2019.

[13] T. Abe, “Perclos-based technologies for detecting drowsiness: Current
evidence and future directions,” SLEEP Advances, vol. 4, 01 2023.
[Online]. Available: https://doi.org/10.1093/sleepadvances/zpad006

[14] P. Kielty, M. Sefidgar Dilmaghani, W. Shariff, C. Ryan, J. Lemley, and
P. Corcoran, “Neuromorphic driver monitoring systems: A proof-of-
concept for yawn detection and seatbelt state detection using an event
camera,” [EEE Access, vol. PP, pp. 1-1, 01 2023.

[15] X. Fan, B.-C. Yin, and Y.-F. Sun, “Yawning detection for monitoring
driver fatigue,” 09 2007, pp. 664 — 668.

[16] I. Choi and Y. Kim, “Head pose and gaze direction tracking for detecting
a drowsy driver,” Applied Mathematics and Information Sciences, vol. 9,
no. 2, pp. 505-512, 2015, publisher Copyright: © 2015 NSP Natural
Sciences Publishing Cor.

[17] S. Essahraui, I. Lamaakal, I. El Hamly, Y. Maleh, I. Ouahbi,
K. El Makkaoui, M. Filali Bouami, P. Plawiak, O. Alfarraj, and
A. A. Abd El-Latif, “Real-time driver drowsiness detection using facial
analysis and machine learning techniques,” Sensors, vol. 25, no. 3,
2025. [Online]. Available: https://www.mdpi.com/1424-8220/25/3/812

[18] A. Madane, A. Singh, S. Fargade, and A. Dongare, “Real-time driver
drowsiness detection using deep learning and computer vision tech-
niques,” International Journal of Scientific Research in Science, En-
gineering and Technology, vol. 12, pp. 222-229, 05 2025.

[19] Y. Bhatt, “State-of-the-art in driver’s drowsiness detection: A com-
prehensive survey,” Journal of Information Systems Engineering and
Management, vol. 10, pp. 1024-1040, 04 2025.

[20] J. He, “Fatigue detection using smartphones,” Journal of Ergonomics,
vol. 03, 01 2013.

[21] T. Meireles and F. Dantas, “A low-cost prototype for driver fatigue
detection,” Multimodal Technologies and Interaction, vol. 3, p. 5, 02
2019.

[22] 1. D. Brown, “Driver fatigue,” Human Factors, vol. 36, no. 2, pp. 298—
314, Jun. 1994.

[23] Google, “Mediapipe face mesh,” https://github.com/google/mediapipe/
blob/master/docs/solutions/face_mesh.md, 2024, accessed: 2025-05-22.


https://www.interciencia.net/wp-content/uploads/2023/06/01_6961_A_Soliani_v48n5_8.pdf
https://www.interciencia.net/wp-content/uploads/2023/06/01_6961_A_Soliani_v48n5_8.pdf
https://doi.org/10.1590/S1518-8787.2017051006761
https://doi.org/10.1590/S1518-8787.2017051006761
https://doi.org/10.1016/j.jsr.2007.12.007
https://www.sciencedirect.com/science/article/pii/S0165027023002029
https://www.sciencedirect.com/science/article/pii/S0165027023002029
https://arxiv.org/abs/2506.07014
https://www.mdpi.com/1424-8220/17/3/495
https://doi.org/10.1093/sleepadvances/zpad006
https://www.mdpi.com/1424-8220/25/3/812
https://github.com/google/mediapipe/blob/master/docs/solutions/face_mesh.md
https://github.com/google/mediapipe/blob/master/docs/solutions/face_mesh.md

	Introduction
	Related Work
	Computer Vision-Based Fatigue detection
	Problem statement and assumptions
	The proposed method

	Results
	Conclusions
	References

