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Article #1 Notes: Real-Time System for Driver Fatigue
Detection Based on a Recurrent Neuronal Network

Source Title

Real-Time System for Driver Fatigue Detection Based on a
Recurrent Neuronal Network

Source citation (APA Ed-Doughmi, Y., Idrissi, N., & Hbali, Y. (2020). Real-Time

Format) System for Driver Fatigue Detection. Based on a Recurrent
Neuronal Network. Journal of imaging, 6(3), 8.
https://doi.org/10.3390/jimaging6030008

Original URL https://pmec.ncbi.nlm.nih.gov/articles/PMC8321037/

Source type Journal article

Vocabulary Drowsiness: a state of being sleepy or tired, often a factor in road

accidents.

Recurrent: appearing or occurring again, often at intervals. In the
context of neural networks, it refers to a type of network that
processes sequences of data by retaining information from
previous steps.

ConvNets: an abbreviation for Convolutional Networks, which
are a type of deep neural network that uses a mathematical
operation called convolution. They are commonly used for
analyzing visual imagery.

Spatiotemporal: relating to both space and time. The article uses
this term to describe relationships in video data, which has both
a spatial dimension (the image itself) and a temporal dimension
(the sequence of frames over time).

Epoch: in machine learning, one complete pass through the
entire training dataset. The article mentions the model was
trained over 100 epochs.

Softmax: a mathematical function used in machine learning,
particularly in classification problems, that converts a vector of
numbers into a vector of probabilities. The sum of the
probabilities

will equal 1.

Keywords

driver fatigue detection, drowsiness, recurrent neural networks
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Summary of key points
(include methodology)

The article proposes a real-time system for driver drowsiness
detection using a Recurrent Neural Network (RNN) with 3D
Convolutional Networks. The methodology involves analyzing
sequences of a driver's face, utilizing the NTHU-DDD dataset,

which was split into 60% for training, 30% for validation, and
10%

for testing. The model achieved a high accuracy rate of
approximately 92%, demonstrating its effectiveness in
distinguishing between a driver's normal and drowsy states. This
system is designed to provide an affordable and portable solution
for ordinary drivers, aiming to reduce the number of accidents
caused by drowsiness. The study highlights the potential of deep

learning to improve road safety and prevent accidents.

Research Question/
Problem/ Need

How can a real-time system for driver fatigue detection, based on
a Recurrent Neural Network (RNN) and 3D Convolutional
Networks, be developed to effectively reduce road accidents
caused by drowsiness?

Important Figures

Table 1.

Drowsy driving detection on the NTHUDDD dataset.

Model Sequence Accuracy %  Validate  Test
% %
Proposed method 20 97.00 92.19 78.05
30 97.30 90.19  73.17
40 97.12 90.40 82.00
LSTMs [66] 20 92.51 90.07 80.36
30 92.58 90.06  78.04
40 92.71 90.01 80.36
LRCN [67] 20 91.18 82.44  78.04
30 90.72 81.86  78.04
40 90.84 80.80  78.04

HTDBN [8] 40 83.04 82.65  80.44
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30 83.26 8125 7847
40 83.04 82.65  80.44
DBN+SVM [39,68] 20 80.65 80.41  76.51
30 80.01 78.58 7521
40 81.12 80.75  76.73
MLP [69] 20 71.71 7317  60.97
30 71.33 73.04 6097

40 71.18 72.22 60.97
S ———

Cited references to
follow

up on

Kartsch V.J., Benatti S., Schiavone P.D., Rossi D., Benini L. A
sensor fusion approach for drowsiness detection in wearable
ultra- low-power systems. Inf. Fusion. 2018;43:66-76.
Ed-doughmi Y., Idrissi N. Driver Fatigue Detection using
Recurrent Neural Networks; Proceedings of the 2nd International
Conference on Networking, Information Systems & Security;
Rabat, Morocco. 27-28 March 2019.

Huynh X.P., Park S.M., Kim Y.G. Detection of driver drowsiness
using 3D deep neural network and semi-supervised gradient
boosting machine; Proceedings of the Asian Conference on
Computer Vision; Taipei, Taiwan. 20—24 November 2016.
Borghini G., Astolfi L., Vecchiato G., Mattia D., Babiloni F.
Measuring neurophysiological signals in aircraft pilots and car
drivers for the assessment of mental workload, fatigue and
drowsiness. Neurosci. Biobehav. Rev. 2014;44:58-75.
Computer Vision Lab, National Tsuing Hua University Driver
Drowsiness Detection Dataset. [(accessed on 1 March
2020)];2016 Available online:
http://cv.cs.nthu.edu.tw/php/callforpaper/datasets/DDD/
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Follow up Questions How can a real-time system integrate data such as heart rate and
brain activity with the proposed video-based model to improve the
accuracy of detection, especially when the driver posture does not
change?

What is the model’s performance and accuracy when tested on a
more diverse dataset with various driving conditions, such as light,
weather, road types, etcetera?

Can the complexity of the model be optimised to allow for
deployment on more standard consumer devices such as
smartphones, without detriment to accuracy?

Notes:

According to a 2015 WHO report, approximately 1.25 million people die annually due to road
traffic accidents globally.

A 2013 study in Morocco revealed that drowsiness was responsible for over 4,000 deaths and
$1.4 billion in material harm annually.

36.8% of cases in the Moroccan study were linked to early drowsiness.

42.4% of drivers surveyed did not take a break every 500 km or 2 hours.

The study used the NTHU-DDD video dataset, which contains videos of drivers in five different
scenarios, labeled as "fatigue" or "not fatigue."

Videos were split into small, 7-second clips, with a total of 849 clips.

The data was divided into: 60% for training, 30% for validation, and 10% for testing.

The system uses a Recurrent Neural Network (RNN) with 3D Convolutional Networks (3D
ConvNets).

The model achieved a validation accuracy of 92.19% and a test accuracy of 78.05%.

The training accuracy converged to 97% over 100 epochs.

The model's F1 Score was 85%.

The system includes a feedback loop to continuously improve the model by sending labeled data
to a web server.
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Article #2 Notes: Car driver fatigue monitoring using
Hidden Markov Models and Bayesian networks

Summary of key points +
notes (include methodology)

The paper presents a system for car driver fatigue monitoring by combining
data from audio (speech), heart rate, and vehicle signals (steering wheel, gas,
clutch, and brake pedals positions). The methodology involves three main
modules: Audio module, Heart Rate and Other Signals module, and Bayesian
Network (Decision Fusion) module.

Both the Audio and the Heart Rate/Other Signals modules use a Audio
module uses an SVM-based VAD (Voice Activity Detector) to extract speech
signals, followed by the extraction of MFCC features, which are then
classified by a continuous HMM. The best accuracy for the HMM in this
module was 8.77% (compared to 59.1% for SVM).

The Heart Rate and Other Signals module uses the raw, first, and second
derivatives of the signals, which are then quantized using the LBG clustering
algorithm for input into a discrete HMM. The best accuracy for the HMM in
this module was 75.46% (compared to 61.2% for SVM).

Bayesian Network module fuses the decisions from the first two modules,
incorporating prior information like Day/Night Driving and Previous
Decision to improve stability and performance. The final system achieved a
total average accuracy of 90.5% when the window size for the audio module
decision was 100 seconds.

The experimental results show that HMM performs better than SVM for both
the audio and other signals modules, and that combining multiple decisions
improves the system's performance.

Research Question/
Problem/ Need

Need: A robust system for car driver fatigue monitoring using a multi-

sensor approach needs to be developed to reduce the risk of road
accidents caused by driver fatigue, which is a significant factor in fatal
accidents.

Question: How can a system that fuses the decisions from separate Hidden
Markov Model (HMM) classifiers using a Bayesian network effectively and
accurately determine the level of driver fatigue?

Important Figures

Voice Activity Feature
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Hidden Markov Model (HMM): A statistical Markov model in which
the system being modeled is assumed to be a Markov process with
unobserved (hidden) states.

Bayesian Network: A probabilistic graphical model that represents a
set of random variables and their conditional. It is used for decision
fusion. MFCC (Mel-Frequency Cepstrum Coefficients): Features
widely used for speech modeling and analysis, and used in this study
for drowsiness/fatigue detection.

VAD (Voice Activity Detector): A system used to extract the speech
signal from the audio signal, which is necessary before performing
speech analysis for fatigue.

Drowsiness: A state of being sleepy or tired, often a factor in road

accidents.

Cited references to follow
up on

Jimiama Mafeni Mase, Peter Chapman, Grazziela P. Figueredo, "A Review of
Intelligent Systems for Driving Risk Assessment", IEEE Transactions on
Intelligent Vehicles, vol.9, n0.9, pp.5905-5921, 2024.

Chao Wu, Fuze Tian, Qiuxia Shi, Qinglin Zhao, Bin Hu, "A Portable

System of Mental Fatigue Detection and Mitigation based on Physiological
Signals",
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2022 IEEE International Conference on Bioinformatics and Biomedicine
(BIBM), pp.2957-2963, 2022.

Follow up Questions

Given that the dataset was collected using a driving simulator with only
eight subjects, how does the system perform when tested with real-world, in-
vehicle driving data involving a more diverse and larger group of drivers?
The system uses heart rate and other signals which are continuous, but the
audio decision is only available when the driver is speaking. What strategies
could be employed to improve the system's accuracy during prolonged
periods of silence to prevent the reliance on a potentially outdated decision
carried forward in the audio window?

How would the system's architecture and performance change if the
Bayesian Network fusion was replaced with an end-to-end deep learning
model (e.g., a multi-input Recurrent Neural Network) that processes the
features from all sensors simultaneously?

Notes:

In 2011, 2.5% of vehicle drivers involved in fatal accidents were either drowsy, asleep, fatigued,

ill, or blacked out, according to the U.S. National Highway Traffic Safety Administration.

Other research suggests that 15-20% of accidents are sleep-related.

Most previous work used visual approaches (PERCLOS, yawn frequency, head movement) to

detect fatigue, while this study focuses on non-visual and fusion methods.

The dataset was custom-built using a driving simulator, sound recorder, and heart rate monitor,

with data collected from eight persons across morning (awake model) and late evening (fatigue

model) sessions.

The data was partitioned into 80% for training and 20% for testing.

The fusion of decisions using the Bayesian Network improved the system's accuracy by 3% over

the highest-performing single module.
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Article #3 Notes: A new method for monitoring the state

of drivers-occupant based on infrared 3D camera

Source Title

A new method for monitoring the state of drivers-occupant based on
infrared 3D camera

Source citation (APA Wang, X., & Zhao, Q. (2022). A new method for monitoring the state

Format) of drivers-occupant based on infrared 3D camera. In 2022 China
Automation Congress (CAC) (pp. 6944—6949). IEEE. https://doi.org/
10.1109/CAC57257.2022.10055849

Original URL https://ieeexplore.ieee.org/document/10055849/citations#citations

Source type Journal article

Keywords Infrared 3D camera, deep learning, driver fatigue detection, driver distraction
detection, MobileNetV1, YOLOv3, multi-parameter fusion.

#Tags

Summary of key points + This study proposes an all-weather driver-occupant monitoring system using an

notes (include
methodology)

infrared 3D camera and a deep learning framework to detect three hazardous
states, considering both the driver and occupants.

Fatigue Detection: Uses a multi-parameter fusion approach combining Eye
features (PERCLOS, ECD), Mouth features (MAR for yawning), and Head
pose features (Pitch angle for head bowing) to detect multi-degree fatigue.
Distraction Detection: Uses an optimized MobileNetV 1 network to identify six
types of distraction, achieving an accuracy of 89.3%.

Prohibited Behavior Detection: Uses a YOLOV3 network to detect in-vehicle
smoking behavior by the driver or occupants, achieving an mAP of 80.5%.
Results: Through objective static experiments, the system achieved a high
overall detection accuracy of 92.18% in daytime and 88.68% in nighttime,
with a real-time running speed of 16 fps.

Research Question/
Problem/ Need

Need: Develop an all-weather driver and occupant monitoring system that
solves the issues of poor accuracy and lack of robustness in changing light
that affect current camera-based systems.

Question: Can a new monitoring method, which utilizes an infrared 3D
camera and a fusion of optimized deep learning models (MobileNetV1 and
YOLOV3), effectively and accurately monitor multi-degree driver fatigue,
driver distraction, and occupant prohibited behavior under all-weather
conditions?
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Important Figures
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VOCAB: (w/definition)

Infrared 3D Camera: A sensor used to capture image data that is highly
robust against strong illumination changes (day or night).

MobileNetV1: A lightweight deep learning network suitable for embedded
devices, used here for driver distraction detection.

YOLOV3 (You Only Look Once): A real-time object detection network.
PERCLOS (Percentage Eye Closure): A key fatigue criterion calculating the
percentage of time spent with eyes closed over a period.

mAP (mean Average Precision): A common metric used to evaluate the
accuracy of object detection models.

Cited references to follow
up on

Hoang Tran Manh, Thang Bui Duc, Dang Tran Hai, Trang Pham Thi Thu,
Nghia Duong Tan, Phat Nguyen Huu, "Detecting Abnormal State of Driver

Using Eye and Head Based on HOG and Landmarks", 2024 International
Conference on Advanced Technologies for Communications (ATC), pp.567-572,
2024.

Marco De Santis, Edmund Jochim, Iulia-Cristiana Sodinca, Christian

Esposito, Rahamatullah Khondoker, "Threat Analysis and Risk Assessment

of a Driver Monitoring System", Applied Sciences, vol.15, no.10, pp.5571,
2025.

Follow up Questions

How would the accuracy of distraction detection change if the model
was retrained entirely on a large dataset of infrared 3D images,
eliminating the performance deterioration caused by the mixed RGB/
Infrared dataset?

The system currently runs at 16 fps. How could the deep learning models
be further to achieve a higher frame rate for seamless, real-time

performance on resource-limited embedded devices?

Notes:

The use of an infrared 3D camera is central to the proposed method, providing high

environmental robustness and enabling 24-hour operation, solving a key limitation of RGB

cameras.

The system was verified using a comprehensive approach: subjective dynamic experiments

(testers' experience) and objective static experiments (testing 15,000 static frames and 240 sub-

videos).

The model uses specific thresholds for multi-degree fatigue:

Distraction detection was noted as the poorest-performing function. The reason identified was

using a mixed dataset (public RGB images and self-made infrared images), which caused

deviations due to inconsistent camera positions and image types.

The MobileNetV 1 network for distraction detection was optimized using migration learning with

pre-trained ImageNet weights and an SGD optimizer.
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Article #4 Notes: Drowsiness Detection System for
Drivers Using Image Processing Technique

Source Title

Drowsiness Detection System for Drivers Using Image Processing

Technique

Source citation (APA Jose, J., Vimali, J. S., Ajitha, P., Gowri, S., Sivasangari, A., & Jinila,

Format) B. (2021). Drowsiness Detection System for Drivers Using Image
Processing Technique. In 2021 5th International Conference on
Trends in Electronics and Informatics (ICOEI) (pp. 1527-1530).
IEEE. https://doi.org/10.1109/ICOEI51242.2021.9452864

Original URL https://ieeexplore.ieee.org/document/9452864

Source type Journal article

Keywords Fatigue, drowsy, alarm, eSpeak, pythoneye detection, frontal face,
drowsy driving, real-time framework, computer vision, Eye Aspect
Ratio (EAR), yawn detection, python, dlib, OpenCV.

#Tags

Summary of key points +
notes (include methodology)

This paper proposes a real-time, non-intrusive system to detect driver
drowsiness and tigger an alert to prevent accidents. The system uses a
computerised camera and is built with Python, dlib, and OpenCV to monitor
two primary fatigue indicators: eye closure and yawning.

Drowsiness Detection: A camera focuses on the driver's face to perform face
detection and facial mapping.

Detection: The Eye Aspect Ratio (EAR) is calculated from facial landmarks.
If the EAR is below a certain threshold for a specific number of consecutive
frames, the driver is determined to be sleepy.

Yawn Detection: The lip gap is measured using facial landmarks. If the
measured distance is greater than a set threshold for a continuous number of
frames, a yawn is detected.

Alarm: An alert is triggered when both eyes and yawn are detected close
together for a "particular measure of casing (frames)." The alarm uses the
eSpeak software to provide a text-to-speech caution alert instead of a
traditional buzzer.

Research Question/
Problem/ Need

Problem: A large number of road accidents and fatalities are caused by
drowsy driving, which is a significant factor in such crashes. Existing
systems often lack a practical, real-time alert mechanism integrated with the
detection.

Question: How can a real-time computer vision framework, built using
Python, dlib, and OpenCYV, effectively monitor a driver's eye closure (EAR)
and yawning to accurately detect drowsiness and trigger an alarm?
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Drowsy Driving: Driving while feeling sleepy or fatigued, a major cause of
road incidents.
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OpenCV (Open Source Computer Vision Library): A library of

programming functions mainly aimed at real-time computer vision, used for
image processing and monitoring.

dlib: A modern C++ toolkit containing machine learning algorithms, used here
for facial landmark detection.

EAR (Eye Aspect Ratio): A metric that determines the state of the eye (open
or closed) based on the distance between facial landmarks.

eSpeak: A software speech synthesizer used to convert text to speech for the
alert system.

Cited references to follow
up

on

Salman Khursheed Ahmad, Naman Agarwal, Prajwal Tanwar, Shri

Krishna Sundram, "Driver Drowsiness Detection System Using Image
Recognition", 2024 Ist International Conference on Advanced
Computing and Emerging Technologies (ACET), pp.1-6, 2024.

Jitty Tresa Thomas, Joseph Mathew, Melwin George, Meril Rachel
Saji, Renju Rachel Varghese, "Guardian Alert: A Deep Learning
Approach for Driver Drowsiness Detection and Force Sensing
Integration", 2023 IEEFE International Conference on Recent Advances
in Systems Science and Engineering (RASSE), pp.1-7, 2023.

Megha Bhushan, Deepankar Joshi, Tavleen Kaur Gujral, Sinku Kumar
Singh, Aishbir Singh, Arun Negi, "Application of Machine Learning in
Driver Drowsiness Detection", 2023 International Conference on
Artificial Intelligence and Applications (ICAIA) Alliance Technology
Conference (ATCON-1), pp.1-6, 2023.

Nunnagoppula Himaswi, Kalivarapu Sathvika, Shaik Pathima, Sita

Kumari. K, "Deep Learning-Based Drowsiness Detection System
Using

[oT", 2023 International Conference on Intelligent and Innovative
Technologies in Computing, Electrical and Electronics (IITCEE),
pp-961-966, 2023.

R P Janani, K. Lakshmi Narayanan, R. Santhana Krishnan, P. Kannan,
R. Kabilan, N. Muthukumaran, "Intelligent Drowsiness and Illness

Detection Assist System for Drivers", 2022 Second International
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Conference on Artificial Intelligence and Smart Energy (ICAILS),
pp.1150-1155, 2022.

Follow up Questions What were the specific threshold values used for the Eye Aspect Ratio

(EAR) and the number of consecutive frames for eye closure that defined a
drowsiness event?

What was the measured accuracy of the proposed system in the experimental
phase, as the conclusion mentions it was "successfully created" but does not
provide a quantitative result?

How does the system perform under varying light conditions compared to
systems that use RGB only, and how are false positives from talking or
eating successfully ignored during yawn detection?

Notes:

Sleep deprivation is estimated to be the cause of 16.6% of fatal crashes, driving the need for this
system.

The system relies on common, open-source computer vision libraries: Python, dlib (for facial
landmarks), and OpenCV (for real-time image processing).

The detection process involves five steps: Face Detection, Facial Mapping, Eye Detection, Yawn
Detection, and Alarm.

Existing System Drawbacks:

Older systems often only calculate accuracy but do not give an alarm or alert.
They sometimes use multiple cameras (one for head movement, one for facial expressions).
They may require sensors attached to the person's body, which can be intrusive and subject to

aging.

*#**The authors suggest that for future work, incorporating head posture detection should be
considered to improve fatigue detection on real roads.****
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Article #5 Notes: EEG-based drowsiness estimation for
safety driving using independent component analysis

Source Title

EEG-based drowsiness estimation for safety driving using independent

component analysis

Source citation (APA Lin, C.-T., Wu, R.-C., Liang, S.-F., Chao, W.-H., Chen, Y.-J., & Jung,

Format) T.-P. (2005). EEG-based drowsiness estimation for safety driving using
independent component analysis. /EEE Transactions on Circuits and
Systems I: Regular Papers, 52(12), 2726-2738. https://doi.org/10.1109/
TCSI.2005.857555

Original URL https://ieeexplore.ieee.org/document/1556780

Source type Journal article

Keywords Correlation coefficient, drowsiness, electroencephalogram (EEG), independent
component analysis (ICA), linear regression model, power spectrum, virtual
reality

#Tags

Summary of key points +
notes (include
methodology)

The paper presents a system for quantitatively estimating a driver's continuous
drowsiness fluctuation using EEG signals in a dynamic, VR-based driving
simulator. The system's key challenge is dealing with pervasive noise/artifacts.
Drowsiness is indexed by Driving Error, smoothed using a 90-second moving
average.

ICA is applied to the 33-channel EEG data to separate and remove artifacts
(eye blinks, muscle noise, etc.) and extract source components.
Power-spectrum analysis is performed on the ICA components. Correlation
coefficients are calculated between the ICA log power spectra and the Driving
Error time series to select the most relevant frequency bands and components.
The 10—14 Hz (alpha band) was found to have the highest positive correlation.
An individualized linear regression model is built to continuously estimate the
driver's performance/drowsiness using the selected ICA component spectra.
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The ICA-based approach successfully removed artifacts, suggested an optimal
EEG montage (central and posterior areas for high correlation), and was
demonstrated to compare favorably to traditional scalp-EEG based estimates.

Research Question/
Problem/ Need

Problem: A real-time, EEG-based system needs to be created to
continuously measure driver drowsiness and performance, which must
overcome signal noise and the challenge of finding a single reliable index
for drowsiness.

Question: Can a method combining Independent Component Analysis
(ICA), power-spectrum analysis, correlation evaluations, and an
individualized linear regression model effectively estimate the continuous
fluctuation of a driver's drowsiness level using EEG signals?

Important Figures
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Figure 3
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Power Changes in 10 Hz in ICA Components 11 (L) and 13 (R)
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VOCAB: (w/definition)

EEG (Electroencephalogram): A measurement of electrical activity in

the brain, used to assess the cognitive state.

ICA (Independent Component Analysis): A computational technique used
for blind source separation to effectively remove noise (artifacts) from EEG

data and isolate brain signals.

VR (Virtual Reality): Used to create a dynamic, realistic driving

simulation environment for data collection.
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Driving Error: The objective measure of performance, defined as the deviation
between the center of the vehicle and the center of the cruising lane.

Artifacts: Non-brain signals (e.g., muscle noise, eye blinks, line noise) that
contaminate EEG recordings.

Cited references to follow

up on

NHTSA Drowsly driver detection and warning system for commercial
vehicle drivers: Field proportional test design, analysis, and

progress, National Highway Traffic Safety Administration, Washington,
DC, [Online]. Available: http://www.nhtsa.dot.gov/.

H. Ueno, M. Kaneda and M. Tsukino, “Development of drowsiness

detection system,” in Proc. 1994 Vehicle Navigation and Information
Systems Conf., pp. 15-20, vol. 31, Sep. 1994.

P. Parikh and E. Micheli-Tzanakou, “Detecting drowsiness while
driving using wavelet transform,” in Proc. IEEE 30th Annual

Northeast on Bioengineering Conf., pp. 79—80, Apr. 2004.

J. A. Stern, D. Boyer and D. Schroeder, “Blink rate: Possible measure of
fatigue,” Human Factors, pp. 285-297, vol. 36, 1994.

Follow up Questions

How well does this EEG system perform in a real car on an actual road
compared to the controlled virtual reality simulation?

The system uses a 90-second average for drowsiness. Can this be shortened to
detect microsleeping without losing accuracy?

Does every new driver need extensive individual training and calibration, or
can a single, generalized model be built for all users?

Notes:

Driver fatigue causes an estimated $12.5 billion in monetary losses annually and is a factor in a

high percentage of fatal accidents.

Traditional image-processing methods (eye closure, head movement) can achieve satisfactory

rates but are often inconsistent across different vehicles and environmental situations. EEG-

based methods are preferred for accurate assessment but require signal processing to handle

noise.

ICA is critical because it performs blind source separation, allowing the system to identify and

isolate neural sources of interest (like drowsiness-related activity) from noise sources (e.g.,

muscle activity, eye blinks, line noise).

The EEG activity most highly correlated with drowsiness was found to be in the central areas

(consistent with alpha wave increases in early sleep stages).

The use of a VR-based driving simulator with a motion platform provided a more interactive and

realistic environment for capturing drowsiness than typical laboratory tasks, making the results

more applicable to real-world driving.
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Article #6 Notes: A probabilistic framework for modeling
and real-time monitoring human fatigue

Source Title

A probabilistic framework for modeling and real-time monitoring human
fatigue

Source citation (APA Format)

Ji, Q., Lan, P., & Looney, C. (2006). A probabilistic framework for
modeling and real-time monitoring human fatigue. IEEE Transactions on

Systems, Man, and Cybernetics - Part A: Systems and Humans, 36(5),
862— 875. https://doi.org/10.1109/TSMCA.2005.855922

Original URL https://ieeexplore.ieee.org/document/1678017

Source type Journal Article

Keywords Humans, fatigue, bayesian methods, context modeling, computerised
monitoring, mathematical model, robustness, real time systems, computer
vision, data mining.

#Tags

Summary of key points + notes
(include methodology)

The framework is built on two types of Bayesian Networks:

1. Static Bayesian Network (SBN)

Function: Models the static relationships between fatigue, its causes, and its
symptoms.Inputs (Causes/Contextual Information): Factors leading to fatigue,
including sleep quality, circadian rhythm, work condition, work environment, and
physical condition (e.g., sleep disorders).Outputs (Symptoms/Observations): Visual
behaviors extracted by a computer vision system, such as:

- Eyelid Movement: PERCLOS (Percentage of Eyelid Closure, a key
metric) and AECS.

- Gaze: Fixation distribution and saccade ratio.

- Head Movement: Head tilt frequency (nodding).

- Facial Expression: Yawn frequency (YawnFreq).
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- Parameterization: Conditional Probability Tables (CPTs) are constructed
using survey data and the "noisy-or" principle to define the
probabilistic dependencies.

2. Dynamic Bayesian Network (DBN)

*  Function: Extends the SBN to account for the temporal aspect of
fatigue development.

* Advantage: Integrates evidence spatially (multiple cues at one time)
and temporally (over time), enabling real-time inference and
monitoring.

Major Causes of Fatigue

The article highlights that fatigue is physiologically determined by two
fundamental factors, in addition to environmental context:

*  Sleep: Quantity and quality, affected by environment, stress, and
time awake.

* Circadian Rhythm: The body's biological clock, which dictates
peak sleepiness (e.g., 3-5 a.m. and 3-5 p.m.) and alertness.

*  Other Factors: Workload, severe turbulence, illness, high temperature,
and sleep disorders.

Research Question/ Fatigue is a significant cause of transportation accidents, but current

Problem/ Need single- source monitoring systems are unreliable and often fail to capture
the complexity of the condition.

tmportant Figures EDCOCOEDED

- CD DI D

(Figure 1)
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(Figure 2)

VOCAB: (w/definition) 1 Probabilistic Framework: A structure or methodology that uses the
mathematics of probability to model, manage, and reason about uncertainty.

1 Human Fatigue: A state of physical or mental exhaustion.

1 Bayesian Model: A mathematical model that represents the probabilistic
relationships between variables and uses Bayes' theorem to update the
probability of a hypothesis as evidence is gathered.

1 Computer Vision: A field of artificial intelligence that enables computers to
see, identify, and process media data to obtain information.

1 Static Model: A model that captures relationships between variables at a single,
fixed point in time, without considering how those relationships change over time.

1 Computer Vision System: An integrated set of hardware (camera) and software
that processes visual input to detect, track, and measure objects or behaviors.

1 Dynamic Bayesian Network (DBN): An extension of the Bayesian Model used
to represent and reason about variables that change over time, linking static
models across consecutive time points.

1 Real-time Inference: The process of drawing conclusions or making
predictions from data immediately as the data is collected, often used for
continuous monitoring.
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1 Eye Movements: The motions of the eyeball, including blinks, closure
(PERCLOS), and gaze shifts (saccades and fixations), which can be measured as
indicators of alertness.

1 Conditional Probability: The likelihood of an event occurring, given that another
event has already occurred, written as P(AIB).

1 Application Programming Interface (API): A set of protocols and tools for
building software applications, allowing one piece of software to communicate
with another.

1 Bayesian Network Model: A graphical model (a Directed Acyclic Graph) that
compactly represents the joint probability distribution over a set of variables,
explicitly showing conditional dependencies.

1 Saccadic Eye Movements: Rapid eye movements used to quickly shift the
eye's fixation from one point to another.

Cited references to follow up
on

Q. Jiand X. Yang, "Real-time eye gaze and face pose tracking for
monitoring driver vigilance", Real-Time Imag., vol. 8, no. 5, pp. 357-377,
Oct. 2002.

Show in ContextCrossRef Google Scholar

C. D. Wylie, T. Shultz, J. C. Miller, M. M. Mitler and R. R.

Mackie, Commercial motor vehicle driver fatigue and alertness study:
Technical summary, Nov. 1996.

Show in ContextGoogle Scholar

E. L. Co, K. B. Gregory, J. M. Johnson and M. R. Rosekind, Crew factors
in flight operations XI: A survey of fatigue factors in regional airline
operations, Oct. 1999,

Show in ContextGoogle Scholar

M. R. Rosekind, K. B. Gregory, E. L. Co, D. L. Miller and D. F.

Dinges, Crew factors in flight operations XII: A survey of sleep quantity and
quality in on-board crew rest facilities, Sep. 2000.

Show in ContextGoogle Scholar

L. Hartley, T. Horberry, N. Mabbott and G. P. Krueger, Review of fatigue
detection and prediction technologies, Sep. 2000.
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Follow up Questions - On PERCLOS: Why is PERCLOS considered the most reliable
measure of alertness compared to other visual cues like yawning
or head nodding?

- On DBNs: How does the Dynamic Bayesian Network (DBN)
specifically use information from a previous time slice (e.g., t—1)
to improve the fatigue inference at the current time slice (t)?

- On Non-Intrusiveness: The model is "non-intrusive." What is
an example of an intrusive physiological measure (mentioned
in the literature review) and why is it impractical for real-
world driving/piloting applications?

- On the Noisy-Or Principle: In simple terms, what problem does
the "noisy-or" principle help solve when the authors are building
the Conditional Probability Tables (CPTs) for their Bayesian
Network?

- On Contextual Factors: Besides sleep loss, which circadian time
period (time of day) is cited in the article as having the highest risk
for accidents due to fatigue?

- 1 On System Output: What is the final, practical output or action
of the proposed real-time nonintrusive fatigue monitor built upon
this framework? (e.g., Does it just provide a probability, or does it
trigger an action?)

Notes:

The framework uses Bayesian Networks (BNs) to model and monitor fatigue because BNs explicitly
handle uncertainty and dependencies.

Fatigue is considered a significant factor in a variety of transportation accidents (aviation, highway,
marine, railroad).

The National Highway Traffic Safety Administration (NHTSA) estimates 100,000 crashes annually
in the U.S. are caused by drowsy drivers.

Existing fatigue monitoring systems are largely ineffective because they rely on limited sources (often
just one), leading to ambiguity.

The framework integrates Contextual Information (causes) and Observation Nodes (symptoms) in its
models.

The most significant physiological causes of fatigue are sleep quality/quantity and circadian rhythm.
The strongest and most consistent predictor of driver fatigue is the time of day.

The two peak sleepiness periods occur around 3—5 a.m. and 3—5 p.m.
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The most reliable and valid measure of a person's alertness level among drowsiness detection
measures is PERCLOS (Percentage of Eyelid Closure).

Visual measures (e.g., PERCLOS, YawnFreq) are advantageous because they can be acquired non-
intrusively using a computer vision system.

The Static Bayesian Network (SBN) fails to capture the dynamic aspect of fatigue, which is corrected
by extending it to a Dynamic Bayesian Network (DBN).

The DBN allows for the integration of evidence both and temporally.

The "noisy-or" principle is used to simplify the process of constructing the complex Conditional
Probability Tables (CPTs) for the model.

Physiological measures like EEG and MSLT are accurate but are generally intrusive, making them
unsuitable for real-world applications.
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Article #7 Notes: Intelligent Driver Drowsiness Detection

for Traffic Safety Based on Multi CNN Deep Model and
Facial Subsampling

Source Title Intelligent Driver Drowsiness Detection for Traffic Safety Based on Multi
CNN Deep Model and Facial Subsampling

Source citation (APA Format) Ahmed, M., Masood, S., Ahmad, M., & Abd El-Latif, A. A. (2022).
Intelligent driver drowsiness detection for traffic safety based on multi
CNN deep model and facial subsampling. [EEE Transactions on
Intelligent Transportation Systems, 23(10), 19743—19752. https://doi.org/
10.1109/TITS.2021.3134222

Original URL https://ieeexplore.ieee.org/document/9660782
Source type Journal Article
Keywords Driver drowsiness detection, convolutional neural network, ensemble

network, multitask cascaded convolutional networks (MTCNN)

#Tags

Summary of key points + notes * Problem: Numerous road accidents are caused by

(include methodology) .d(;‘lVTr fatigue/drowsiness. Existing solutions are non-
ideal:

o Physiological signals (ECG, EEG, etc.) are too invasive or
difficult to deploy in vehicles.

o Prior computer vision solutions were limited: either relying on
simple hand-crafted features (low performance) or using bulky
Deep Learning models with excessive trainable parameters
(high computational cost/low performance on benchmarks).
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Proposed Solution: A novel stacking-based ensemble deep
learning architecture that exclusively extracts features from eyes

and mouth subsamples.

Efficiency and Performance: The model uses only two InceptionV3
modules, keeping the trainable parameter count low (around 47.5
million) compared to other high-performing models (up to 300 million).
Results: The model achieved significantly higher performance on

the benchmark NTHU-DDD video dataset:

o Evaluation Accuracy: 97.1% (significantly higher than

recent comparable models, which ranged from =73% to
~87%).

o Validation Accuracy: 98.5%.

o Low False Positive Rate (0.04) and False Negative Rate (0.02).
Feature Importance: The ensemble learning assigned a higher weight
(0=0.73) to the CNN trained on the eyes region than to the mouth
region (=0.568), confirming the eyes' dominance in drowsiness
detection.

The proposed framework has three distinct phases:

1. Face Detection and Region Extraction

Tool: The MTCNN (Multi-task Cascaded Convolutional Network) is
used for efficient and robust face detection.

Segmentation: The detected face is segmented into the two key Regions
of Interest (ROIs): the eyes subsample and the mouth subsample.
Pre-processing: Image scaling (pixel values multiplied by 1/255)

and reshaping to [150,150,3] arrays are performed.

2. Feature Extraction (Two Parallel CNNs)

Architecture: Transfer learning is applied to two separate
InceptionV3 models.
Input Specialization:

o CNN 1: Trains exclusively on the eyes subsamples.

o CNN 2: Trains exclusively on the mouth subsamples.
Training: Both CNNss train independently but concurrently, using a
softmax activation on two perceptrons to output a "drowsy" or "non-
drowsy" score for each frame.

3. Ensemble Learning and Decision Structure

Technique: Stacking is employed, using a single-layer perceptron network.
Combination: The crisp outputs (yeyes and ymouth) from the two
CNN s are combined using a weighted average: (a-yeyes+p-ymouth).
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Weight Tuning: The contribution weights (o and B) are learned/tuned
during the training phase using a stochastic gradient descent algorithm
over a categorical cross-entropy cost function.

Output: The final output, passed through a logistic activation, is a
binary prediction (0 or 1) indicating whether the driver is non-drowsy or
drowsy.

Dataset: The model was trained and evaluated on the benchmark
NTHU- DDD video dataset (22 subjects, varied environments).

Research Question/ Numerous road accidents are caused by driver fatigue/drowsiness, and existing
Problem/ Need solutions are non-ideal.
Important Figures
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VOCAB: (w/definition)

Convolutional Neural Network (CNN): A type of deep learning
network specifically designed to process structured grid data like
images by using convolution and pooling layers to extract spatial
features.

Traffic Safety: Measures and practices intended to prevent road users from being
killed or seriously injured.

Driver Fatigue: A state of exhaustion that impairs a driver's cognitive and
physical ability, increasing accident risk.

Driver Drowsiness Detection: The automated process of identifying signs that a
driver is transitioning from an awake to an asleep state.

Drowsiness Detection: The general act of identifying signs of sleepiness or lack
of alertness in a person.

Deep Learning: A subset of machine learning that uses neural networks with
many layers (deep) to learn complex patterns and features directly from raw data.

Electrocardiogram (ECG): A physiological signal that records the electrical activity
of the heart, often used in invasive fatigue detection.

Road Accidents: Collisions or incidents occurring on roadways, often resulting in
injury, death, or property damage.

Ensemble Model: A machine learning model that combines the predictions from
multiple individual models (e.g., multiple CNNs) to achieve better overall
performance than any single model.

Face Images: Digital pictures or frames of a person's face used as input for
computer vision tasks.

Handcrafted Features: Specific, predefined visual traits (like edge shapes or color
histograms) that are manually designed and extracted by a human expert, not
learned automatically by a deep network.

Evaluation Dataset: A set of data, separate from the training data, used only once
at the end of model development to assess the final, unbiased performance of the
model.

Eyewall: A term not explicitly defined in the provided text but contextually
refers to the observable area around the eye, often including the eyelid and
surrounding skin, crucial for visual cues.
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Training Set: The majority portion of data used to teach a machine learning
model to recognize patterns and make predictions.

Mental Status: A person's cognitive state, including their level of alertness,
awareness, and ability to concentrate.

Transfer Learning: A technique where a model trained for one task (e.g.,
general image recognition) is reused as a starting point for a model on a
different, related task (e.g., drowsiness detection).

Stochastic Gradient Descent (SGD): An iterative optimization algorithm used to
train neural networks by adjusting model weights based on the error of a small
subset (batch) of training data.

*  Convolution Operation: The primary mathematical step in a CNN where
a small filter (kernel) is passed over an input image to extract specific
features like edges and textures.

* Convolutional Neural Network Model: The complete structure of a
CNN, including all its layers, filters, and connected nodes.

* Eye Region: The specific area of the face image containing the eyes,
used as a focal point for feature extraction related to blinking and
closure.

* Representation Learning: The ability of deep neural networks (like
CNNs) to automatically discover and extract the necessary features from
raw data, rather than relying on handcrafted features.

*  Perceptron Network: A simple, single-layer artificial neural network
used in this context as the "ensemble boundary" to learn how to
combine the outputs of the two InceptionV3 modules.

* Early Stopping: A regularization technique that stops the training process
when performance on a separate validation set begins to worsen,
preventing the model from overfitting.

Cited references to follow up
on

Centers for Disease Control and Prevention. ( Mar. 21, 2017 ). CDC—
Drowsy Driving-Sleep and Sleep Disorders. Accessed: Jun. 28, 2021.
[Online]. Available: https://www.cdc.gov/sleep/about sleep/
drowsy_driving.html

U. Budak, V. Bajaj, Y. Akbulut, O. Atila, and A. Sengur, “An effective
hybrid model for EEG-based drowsiness detection,” IEEE Sensors J., vol.
19, no. 17, pp. 7624-7631, Sep. 2019.

W. Tipprasert, T. Charoenpong, C. Chianrabutra, and C. Sukjamsri, “A
method of driver’s eyes closure and yawning detection for drowsiness
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analysis by infrared camera,” in Proc. Ist Int. Symp. Instrum., Control, Artif-
Intell., Robot. (ICA-SYMP), Bangkok, Thailand, Jan. 2019, pp. 61-64.

K. Dwivedi, K. Biswaranjan, and A. Sethi, “Drowsy driver detection using
representation learning,” in Proc. IEEE Int. Adv. Comput. Conf. (IACC),
Gurgaon, India, Feb. 2014, pp. 995-999.

G. Li and W.-Y. Chung, “Detection of driver drowsiness using wavelet
analysis of heart rate variability and a support vector machine
classifier,” Sensors, vol. 13, no. 12, pp. 1649416511, Dec. 2013.

What problem does combining the two small networks solve compared
to using one huge network? (Think about size and performance).

*  The model uses a weight of 0.73 for the eyes and 0.568 for the mouth.
Why is the number for the eyes higher?

The system uses a camera but focuses only on the eyes and mouth.
What specific software (a deep learning tool) is used to find and cut
out those regions from the full face image?

*  Why is it important that the model performs well on the NTHU-

DDD dataset which includes people wearing sunglasses or driving

at night?

What simple method was used during training to make sure the model
stopped learning at the best time and didn't start memorizing the
training data (a problem called overfitting)?

Follow up Questions

Notes:

The core objective is to propose an ensemble deep learning architecture for automated, non-
invasive driver drowsiness detection.

* Previous solutions were non-ideal:

* Physiological methods (ECG, EEG) were too invasive or difficult to deploy.

Prior computer vision models either used simple hand-crafted features or were excessively bulky
(high parameter count) with limited performance on benchmark datasets.

The model uses non-invasive computer vision focusing only on eyes and mouth subsamples.

The architecture consists of only two InceptionV3 modules to keep the model's parameter count
low (around 47.5 million).

*  MTCNN (Multi-task Cascaded Convolutional Network) is used to efficiently detect and segment
the face into separate eye and mouth regions.

The two InceptionV3 modules independently extract features: one exclusively for the eyes, the
other for the mouth.

The outputs of the two modules are combined using a stacking-based ensemble learning
technique, specifically a perceptron network.

* A weighted average method is used to combine the outputs, with weights (a for eyes,  for
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mouth) tuned/learned during training using the ensemble algorithm.

The final decision structure determines if the driver is drowsy or non-drowsy.

The model was trained and evaluated on the benchmark NTHU-DDD video dataset, which
includes varied scenarios (night, glasses, sunglasses).

High Performance Achieved: The model established an accuracy of 97.1% on the evaluation
dataset, significantly outperforming comparable recent works.

Feature Dominance: The learned weight for the eyes region (¢~0.73) was higher than the mouth
region (B=0.57), indicating the eye features were more influential.

The model exhibited pleasingly low error rates: False Positive (FP) of 0.04 and False Negative
(FN) of 0.02.

Training Technique: The model used transfer learning and employed Early Stopping (at <300
epochs) to prevent overfitting.

A slight limitation was observed where the system occasionally confused a wide smile with
closed eyes for a sleepy state, although it wasn't a persistent error.
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Article #8 Notes: Simultaneous Eye Blink
Characterization and Elimination from Low-Channel
Prefrontal EEG Signals Enhances Driver Drowsiness

Detection.

Source Title

Simultaneous Eye Blink Characterization and Elimination from Low-
Channel Prefrontal EEG Signals Enhances Driver Drowsiness Detection.

Source citation (APA Format)

Shahbakhti, M., et al. (2022). Simultaneous eye blink characterization and
elimination from low-channel prefrontal EEG signals enhances driver
drowsiness detection. /EEE Journal of Biomedical and Health Informatics,
26(3), 1001-1012. https://doi.org/10.1109/JBHI.2021.3096984

Original URL https://ieeexplore.ieee.org/document/9484745

Source type Journal Article

Keywords Electroencephalography, feature extraction, electrodes, pollution
measurement, high frequency, discrete wavelet transforms

#Tags

Summary of key points + notes
(include methodology)

* Combining blink features with the filtered EEG data resulted in a
significant accuracy improvement for drowsiness detection (from 71.2%
to 78.1%).

* This validates that eye blinks should be treated as both a source
of information and an artifact in EEG analysis.

* The method is designed to work well with low-channel prefrontal
EEG systems (like commercial headbands).

Feature Extraction:

* Uses Variational Mode Extraction (VME) on the Fpl EEG channel
to isolate the eye blink signal.
* Identifies Eye Blink Intervals (EBIs).
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* Calculates Blink Rate (BR) and Blink Amplitude (BA) as
drowsiness features.

Artifact Elimination (Filtering):

*  Projects the EBI information onto other EEG channels.

Applies a combination of Principal Component Analysis (PCA)

and Discrete Wavelet Transform (DWT).

PCA identifies the large components that contain the blink artifact.
DWT then carefully filters (denoises) only those artifact components
to preserve the underlying brain activity.

Classification:

* The final features (Blink Features + Filtered EEG Band Powers) are
fed into a Support Vector Machine (SVM) to classify the driver as
alert or drowsy.

Research Question/
Problem/ Need

There is a need for a robust and efficient algorithm that can perform both
feature extraction and artifact removal effectively in low-channel EEG
systems to create a more reliable and accurate real-time driver drowsiness
monitor. This is vital for reducing the number of road accidents caused by
drowsy driving.

Important Figures
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VOCAB: (w/definition)

1 Electroencephalography (EEG): A method that records electrical
activity from the brain using sensors placed on the scalp.

1 Feature extraction: The process of simplifying raw data (like an image
or signal) into a smaller, more useful set of values that describe the data's
key characteristics.

1 Electrodes: Small conductive pads or sensors placed on a surface to
measure or deliver electrical signals.

1 Pollution measurement: The process of quantifying the amount of
harmful or unwanted substances present in air, water, or soil.

1 Discrete wavelet transform (DWT): A mathematical tool used to break
down a signal into different frequency bands for easier analysis.

Cited references to follow up
on
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58-75,2014.

J. L. Rocco, M. D. Le, and D. Paeng, “A systemic review of available low-cost
EEG headsets used for drowsiness detection,” Front. Neuroinform., vol. 14, pp.
1- 14, 2020.
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C. Wei, Y. Wang, C. Lin, and T. P. Jung, “Toward drowsiness detection using non-
hairbearing EEG-based brain-computer interfaces,” /EEE Trans. Neural Syst.
Rehabil. Eng., vol. 26, no. 2, pp. 400—406, Feb. 2018.

R. Foong, K. K. Ang, Z. Zhang, and C. Quek, “An iterative cross-subject
negative- unlabeled learning algorithm for quantifying passive fatigue,” J.
Neural Eng., vol. 16, pp. 1-15, 2019.

Follow up Questions 1. How does the research justify treating the eye blink signal as both
a valuable feature and a contaminating artifact in the same
analysis?

2. Filtering Method: What is the primary benefit of using a combination
of PCA and DWT (Principal Component Analysis and Discrete
Wavelet Transform) to remove eye blink noise, instead of just using a
simpler method like a basic filter?

3. What two specific eye blink features (measured from the signal) did
the researchers calculate to help improve the drowsiness detection
accuracy?

4. Why are the limitations of low-channel EEG systems important, and
how does this research specifically address those limitations for use in
a car?

Notes:

*  Architecture: Ensemble deep learning, stacking-based.

* CNN Components: Two InceptionV3 modules.

* Trainable Parameter Count: =47.5 million.

* Feature Focus (Regions of Interest): Eyes and Mouth subsamples.

* Face/ROI Detection Tool: MTCNN.

* Combination Mechanism: Perceptron network (stacking) with weights learned via Stochastic
Gradient Descent (SGD).

* Primary Feature Weight (a, Eyes): =0.73.

* Secondary Feature Weight (B, Mouth): =0.568.

* Evaluation Dataset: NTHU-DDD benchmark.

* Accuracy: 97.1%.

* False Positive (FP) Rate: 0.04.

* False Negative (FN) Rate (Critical for Safety): 0.02.

* Training Technique: Early Stopping (applied around 300 epochs).

* Limitation Example: Misclassification occurred with a wide smile and closed eyes.
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Article #9 Notes: A Survey on Driver Behavior Analysis

From In-Vehicle Cameras

Source Title A Survey on Driver Behavior Analysis From In-Vehicle Cameras

Source citation (APA Format) Wang, J., et al. (2022). A survey on driver behavior analysis from in-
vehicle cameras. I[EEE Transactions on Intelligent Transportation

Systems, 23(8), 10186—10209. https://doi.org/10.1109/TITS.2021.3126231

Original URL https://ieeexplore.ieee.org/document/9618784
Source type Journal Article
Keywords Driver behaviour analysis, face detection, head orientation, drowsiness,

driver distraction

#Tags
Summary of key points + notes * Categorization: Studies are classified based on the complexity of
(include methodology) the information they detect:

o Low-Level Tasks (e.g., Gaze, Head Orientation).
o High-Level Tasks (e.g., Drowsiness, Distraction).

* Discusses the impact of 12 public datasets (e.g., SHRP 2, DGW)
and numerous private datasets on model performance.

* C(Classification by Task Level:
o Low-Level: Gaze Detection, Face and Head Orientation Estimation.
o High-Level: Drowsiness Detection, Distracted Driver
Behavior Detection, Lane Change Prediction/Detection.
* C(lassification by Dataset:
o Studies are sorted by whether they use Public/Benchmark Datasets
or Private Datasets.
*  Private Dataset Sub-Classification:
o Further sorted by sensor type (Camera only vs. Camera +
other sensors).
o Further sorted by camera count (Single Camera vs. Multiple Cameras).
* Analysis: For each category, the survey discusses the specific
computer vision techniques (e.g., CNNs, Deep Learning
architectures) used and compares their reported performance and
accuracy.
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Research Question/ To establish an accuracy for deep learning models, understand the impact of
sensor placement, and identify gaps for future CV research in NDS.
Problem/ Need P ’ Yy &3P
Important Figures
Paper | Year Camera View Sensors | N Frames | Method Accuracy | TTM(sec) |
Doshi and Trivedi [142] | 2008 1 face CAN | NA [ SWM 792 3
Maruin et al. [177] 2018 2 face 1 hand no 409K CNN MVN 75 1
Xing ct al. [178] 2020 1 face | hand 1 road VBOX 270K LST™M 96.1 0.5
(Table 21)
VOCAB: (w/definition) * Public Datasets: Collections of data (like videos or images) that

are freely available for anyone in the research community to use.
Head Orientation: The direction the driver's head is facing or tilted
Private Dataset: Data collected by a specific research group

or company that is not publicly shared.

* Convolutional Neural Network (CNN): A type of Deep
Learning model especially effective for analyzing images and
video data.

Support Vector Machine (SVM): A supervised machine
learning method used for classification (sorting data into
categories).

Deep Models: Machine learning systems (like CNNs) that use
multiple layers (deep architecture) to learn complex patterns
from data.

Long Short-term Memory (LSTM): A type of recurrent neural
network effective for processing sequences of data (like video
frames or time series).

Pose Estimation: The process of automatically determining the
position and orientation (or 3D pose) of an object, like a human
head.

Head Pose: The orientation of the head in 3D space relative to
the camera or vehicle..




Ghosh 41

Advanced Driver Assistance Systems (ADAS): Electronic systems
in a vehicle that help the driver with driving tasks and increase
safety (e.g., lane-keeping assist, automatic emergency braking).

Cited references to follow up

on

E. K. Adanu and S. Jones, “Effects of human-centered factors on crash injury
severities,” J. Adv. Transp., vol. 2017, pp. 1-11, Jan. 2017.

National Center for Statistics and Analysis, “Distracted driving 2015,” U.S. Dept.
Transp., Nat. Highway Traffic Saf. Admin., Washington, DC, USA, Tech. Rep.
DOT HS 812 381, Mar. 2017, pp. 1-7. [Online]. Available: https://
crashstats.nhtsa.dot.gov/Api/Public/ViewPublication/812381

J. R. Treat, “Tri-level study of the causes of traffic accidents: An overview of
final results,” in Proc. Amer. Assoc. Automot. Med. Annu. Conf., vol. 21, 1977,
pp. 391-403.

I. van Schagen and F. Sagberg, “The potential benefits of naturalistic driving
for road safety research: Theoretical and empirical considerations and
challenges for the future,” Proc. Soc. Behav. Sci., vol. 48, pp. 692—701, Jan.
2012.

T. A. Dingus, “The 100-car naturalistic driving study, Phase II-results of the 100-
car field experiment,” U.S. Dept. Transp., Nat. Highway Traffic Saf. Admin.,
Tech. Rep. DOT-HS-810-593, 2006.

Follow up Questions

Categorization Rationale: The survey classifies tasks as either Low-
Level or High-Level. What is the difference that justifies this?

Why did the authors feel it was so important to classify papers based
on whether they used Public/Benchmark Datasets versus Private
Datasets?

The paper mentions that older, handcrafted feature methods (like HOG)
suffered from a lack of "transferability." In simple terms, what does
"transferability" mean in this context, and how do Deep Learning
models solve this problem?

Besides advancing computer vision theory, how does the paper aim to
help NDS research make better decisions regarding initial data
collection (specifically regarding sensor hardware)?




Notes:
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Task Division: The surveyed papers were successfully categorized into two complexity
levels: Low-Level Tasks (e.g., face, head, gaze) and High-Level Tasks (e.g., distraction,
drowsiness).

Methodology Preference: Deep Learning (CNNs) is the primary technique used across
the field, having replaced older handcrafted feature methods due to its superior
transferability and accuracy.

Data Importance: Public datasets (like SHRP 2 and DGW) are crucial for establishing
performance benchmarks and comparing different computer vision algorithms fairly.
Future Need (Gaps): The state-of-the-art requires further research to address existing
gaps, especially in developing methods to automatically and efficiently reduce the
massive volume of NDS video data, replacing time-consuming manual annotation.
Design Guidance: The systematic comparison aims to guide future NDS research by
providing evidence on the impact of sensor placement (camera number and position) on
the final model accuracy.

Article #10 Notes: Drowsiness Detection System using
Eye Aspect Ratio Technique

Source Title

Drowsiness Detection System using Eye Aspect Ratio Technique

Source citation (APA Format)

Sathasivam, S., Mahamad, A. K., Saon, S., Sidek, A., Som, M. M., & Ameen, H. A.
(2020). Drowsiness detection system using Eye Aspect Ratio technique. In 2020
IEEE Student Conference on Research and Development (SCOReD) (pp. 448—
452). IEEE. https://doi.org/10.1109/SCOReD50371.2020.9251035

Original URL https://ieeexplore.ieee.org/document/9251035
Source type Journal Article
Keywords Ear, real-time systems, physiology, sensors, automobiles, research and

development, vehicles, eye aspect ratio, RaspberryPi4

#Tags




Ghosh 43

Summary of key points + notes
(include methodology)

1 Objective: To detect driver drowsiness in real-time using image
processing to reduce car accidents caused by fatigue.

1 Core Technique: Eye Aspect Ratio (EAR) calculation to continuously
measure the state of eye closure.

1 EAR Formula: Uses the distance between 6 key facial landmark
coordinates (P1 through P6) around each eye: 2IP1-P411P2—P61+IP3—P5I.

1 Drowsy Threshold: A driver is classified as drowsy when the EAR value
is set to be <0.25 (as this indicates eyes are closing or closed).

1 Hardware Used: Raspberry Pi 4, Pi Camera, and GPS module for real-
time detection and location awareness.

1 Software/Libraries: Python programming, OpenCV, and the Dlib
library (pre-trained Neural Network-based facial landmark predictor).

1 System Action: When drowsiness is detected, the system generates an
on- screen alert and can send the driver's live location via Telegram to road
users for a quick response.

1 Performance: Achieved 90% accuracy across tested conditions.

1 Tested Conditions: The system successfully handled scenarios including:

Normal (Initial) operation.

Wearing spectacles (required more training data).

Dim light surroundings.

Microsleep (prolonged eye closure)..

Research Question/
Problem/ Need

Drivers get sleepy (drowsy) during long drives, and this sleepiness causes many car
crashes.
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Important Figures
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Experimental No of Detection
- p. 2 Detected Undetected  Percentage
setup test o
(%)
Initial 10 10 0 100
Wearing 10 9 | 90
Spectacles
Dim Light 10 9 1 90
Miorodleen 10 9 | 90
Condition
(Table 1)

VOCAB: (w/definition)

.Eye Aspect Ratio (EAR): A numerical value that measures the
degree of eye openness (distance between vertical and horizontal
eye landmarks).

Eye Closure: The act of the eyelids coming together, ranging from
a blink to a full sleep state.

Driver Fatigue: Physical or mental tiredness that impairs a
driver's performance and alertness.

Image Processing: Using a computer to analyze or change a
digital image to extract information or improve its quality.
Electromyography (EMG): A technique that records the
electrical activity produced by skeletal muscles.
Electrooculogram (EOG): A technique that measures the
electrical potential changes between the front and back of the
eye, used to detect eye movement.

Digital Image Processing: Using a computer to perform
algorithms on digital images (a more specific term for Image
Processing).

Cited references to follow up
on

C. B. S. Maior, M. J. D. C. Moura, J. M. M. Santana, and I. D. Lins, “Real-time
classification for autonomous drowsiness detection using eye aspect ratio,”
Expert Systems with Applications, vol. 158, 2020.

K. Kaida, M. Takahashi, T. Akerstedt, A. Nakata, Y. Otsuka, T. Haratani, and K.
Fukasawa, “Validation of the karolinska sleepiness scale against performance and
EEG variables,” Clinical Neurophysiology, vol. 117, no. 7, 2006.

K. Arai, and R. Mardiyanto, ‘“Real time blinking detection based on Gabor
filter,” International Journal of Recent Trends in Human Computer
Interaction (IJHCI), vol. 1, no. 3, 2010, pp. 33-45.

R. O. Mbouna, S. G. Kong, and M. G. Chun, “Visual Analysis of Eye State and
Head Pose for Driver Alertness Monitoring ” I[EEE Transaction on Intelligent
Transportion Systems, vol. 14, no. 3. 2013.
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A. Dasgupta, A. George, S. L. Happy, and A. Routray “A Vision-Based System
for Monitoring the Loss of Attention in Automotive Drivers ” IEEE Transaction
on Intelligent Transportion Systems, vol. 14, no. 4,

Follow up Questions 1 What is the main reason the system relies on the Eye Aspect Ratio (EAR)
value rather than just counting the blink?

1 Microsleep Distinction: How is the system programmed to tell the
difference between a normal blink and a dangerously long one?

1 Hardware Constraint: Why was the team concerned that the Pi Camera/
web camera might be less effective in dim?

1 Integration Goal: The team plans to use a GPS module and Telegram.
What's the practical benefit of sharing the drowsy driver's location

instantly, rather than just sounding an alarm inside the car?

Notes:

The system successfully detected drowsiness conditions and achieved 90% accuracy in
experiments.

* An Eye Aspect Ratio (EAR) value of <0.25 was the defined threshold indicating a
drowsy state.

EAR was calculated using the distance between 6(X,y) coordinate facial landmarks
around the eye.

The system was validated under conditions including: initial setup, wearing spectacles,
dim light surrounding, and microsleep.

Upon detection, the system generated an on-screen alert and successfully prepared the
driver's location for sharing via Telegram.
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Article #11 Notes: Smart Sensing Chairs for Sitting

Posture Detection, Classification, and Monitoring: A
Comprehensive Review

Source Title Smart Sensing Chairs for Sitting Posture Detection, Classification, and
Monitoring: A Comprehensive Review

Source citation (APA Format) Odesola, D. F., Kulon, J., Verghese, S., Partlow, A., & Gibson, C. (2024).
Smart Sensing Chairs for Sitting Posture Detection, Classification, and
Monitoring: A Comprehensive Review. Sensors, 24(9), 2940. https:/
doi.org/10.3390/524092940

Original URL https://pme.ncbi.nlm.nih.gov/articles/PMC11086066/

Source type Journal article

Keywords smart-sensing chair, musculoskeletal disorders, sitting posture classification,
FSR, CNN, IoT

#Tags

Summary of key points + notes | ® Objective: To conduct a comprehensive literature review of smart
(include methodology) sensing chair systems to understand methods for posture classification,
common sensor trends, and identify research gaps .

e Methodology: A 6-step review process involving research question
formulation, search strategy across 5 databases (MDPI, IEEE, etc.),
screening (excluding wearable tech), and data extraction from 39
pertinent studies .

e Sensor Findings: Force Sensing Resistors (FSRs) are the most
prevalent sensors used for posture detection due to their cost-
effectiveness .

e Algorithm Findings: Convolutional Neural Networks (CNNs) and
Artificial Neural Networks (ANNs) are the leading classification
models, though they often do not outperform traditional statistical
models due to limited dataset diversity .

e Core Gap: Identified a significant lack of research into user
feedback mechanisms, which are essential for alerting users to
make posture adjustments.

Research Question/Problem/ Need: In 2020, Musculoskeletal disorders (MSDs) were the second leading
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Need

cause of non-fatal disability globally, affecting over a billion people .

Question: What are the most used sensors in smart chairs, how do they
compare in terms of accuracy, what computational methods are most

effective for classifying sitting postures?

Important Figures

Figure 2

Figure 3

Table 3

VOCAB: (w/definition)

e Musculoskeletal Disorders (MSDs): Injuries/disorders affecting the
body's movement or musculoskeletal system (muscles, tendons,
ligaments, nerves) .

e Force Sensing Resistor (FSR): Sensors that vary output resistance
based on physical pressure; composed of conductive polymer between
metal electrodes .

e Dense Sensor Configuration: A strategy using a flexible sensor array
mat containing multiple interconnected pressure units .

e Sparse Sensor Configuration: A strategy utilizing individual
pressure sensors placed at specific strategic points around a chair.

Cited references to follow up
on

e Tan et al. (2001): Pioneering work on posture classification
using integrated pressure sensors.

e Bevan et al. (2015): Research on the economic burden of MSDs (2%
of EU GDP).

Follow up Questions

How can researchers create more diverse datasets that accurately represent
the human body shapes and skeletal structure?

Which specific user feedback mechanisms (haptic, visual, or mobile)
result in the highest long-term compliance for posture correction?
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Article #12 Notes: Force Sensitive Resistors-Based Real-

Time Posture Detection System Using Machine Learning

Algorithms

Source Title

Force Sensitive Resistors-Based Real-Time Posture Detection System Using
Machine Learning Algorithms

Source citation (APA Format)

Javaid, A., Abbas, A., Arshad, J., Rahmani, M. K. 1., Chauhdary, S. T.,
Jaffery, M. H., & Banga, A. S. (2023). Force Sensitive Resistors-Based
Real-Time Posture Detection System Using Machine Learning
Algorithms. Computers, Materials & Continua, 77(1). https://doi.org/
10.32604/cmc.2023.044140

Original URL https://www.sciencedirect.com/org/science/article/pii/S1546221823006604

Source type Journal Article

Keywords Posture detection, FSR sensor, machine learning, real-time, KNN, Body
Mass Index (BMI)

#Tags

Summary of key points + notes
(include methodology)

e Objective: To develop a practical, real-time posture detection system
using a 3x3 FSR grid to identify improper sitting positions (forward,
backward, left, right-leaning) and promote spinal health.

e Methodology:

o Hardware: A cushion embedded with a 3x3 grid (9 total) of Force-
Sensitive Resistors (FSR) connected via Arduino to MATLAB/
Simulink.

o Data Collection: 2,350 observations from 118 participants (81 male,
37 female). Participants represented a diverse range of BMI categories
(Underweight to Obese).

o Processing: Included Body Mass Index (BMI) as a feature to increase
system resilience across physical variances. Data was split 80/20 for
training and testing.

e Algorithm Comparison: Evaluated five ensemble algorithms:
Boosted Trees, Bagged Trees, Subspace KNN, Subspace
Discriminant, and RUSBoosted Trees.



http://www.sciencedirect.com/org/science/article/pii/S1546221823006604
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e Key Result: Ensemble Subspace KNN achieved the highest accuracy
at 99.99%, significantly outperforming existing literature.

Research Question/
Problem/ Need

e Need: Improper sitting leads to pressure ulcers (60,000 deaths/year),
spinal deformities, and an annual $50 billion cost for back pain treatment
in the US.

e Problem: Existing research often provides simulations but lacks
practical, real-time implementation that accounts for individual body
mass variances.

Important Figures

Figure 1

Figure

4/7

Figure 8

Table 2

VOCAB: (w/definition)

e Ensemble Learning: A machine learning technique that combines
multiple models (like trees) to improve overall prediction accuracy and
stability.

e RUSBoosted Trees: A hybrid of Random Under-Sampling (RUS)
and AdaBoost, specifically designed to handle imbalanced datasets.

e Calibration Matrix: A mathematical tool used to normalize sensor data
and correct for sensitivity differences across individual FSR units.

Cited references to follow up

on

American Chiropractic Association (ACA) & WHO ergonomic
guidelines [9-12].

Studies on transversus abdominis muscle dysfunction related to slumped
posture [4].

Follow up Questions

Does the inclusion of BMI actually improve accuracy for "outlier" body
types compared to models without it?

How does the 3x3 grid compare in durability to the textile-based sensors
mentioned in the literature review?

Notes:

Novelty - BMI Integration: Unlike previous studies, this system uses the subject's height,

weight, and BMI as input features, allowing the model to adapt to different body shapes
(Underweight, Healthy, Overweight, Obese).

Hardware Setup: * FSR sensors utilize conductive polymers that change resistance based




on force.
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o The 3x3 grid specifically targets hip joints, the sides of the seat, and the area
beneath the thighs.

NhADD =

Algorithm Performance Rankings:

Ensemble Subspace KNN: 99.9% (Best performing, highest AUC of 1.00).
Ensemble Bagged Trees: 99.3%.

Ensemble Boosted Trees: 89.6%.

Ensemble RUSBoosted Trees: 86.0%.

Ensemble Subspace Discriminant: 80.6%.

* Data Refinement: Raw FSR data below a threshold of 100 was set to "0" to filter out
noise/insignificant force. Early stopping was used during training to prevent overfitting.

Article #13 Notes: Human Posture Estimation: A
Systematic Review on Force-Based Methods—Analyzing
the Differences in Required Expertise and Result Benefits
for Their Utilization

Source Title

Human Posture Estimation: A Systematic Review on Force-Based
Methods—Analyzing the Differences in Required Expertise and Result
Benefits for Their Utilization

Source citation (APA Format)

Helmstetter, S., & Matthiesen, S. (2023). Human Posture Estimation: A
Systematic Review on Force-Based Methods—Analyzing the Differences

in Required Expertise and Result Benefits for Their Utilization. Sensors,
23(21), 8936. https://doi.org/10.3390/s23218936

Original URL https://pmc.ncbi.nlm.nih.gov/articles/PMC10647597/

Source type Journal Article

Keywords human pose prediction, activity recognition, motion capture,
classification, machine learning, digital human model, virtual sensor,
biomechanics, pressure sensor

#Tags

Summary of key points + notes
(include methodology)

Objective: To categorize force-based human posture estimation (FPE)
methods and analyze the trade-offs between Machine Learning (ML) and
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Digital Human Models (DHM) regarding expert knowledge and
application benefits.

e Methodology: A PRISMA 2020 systematic review analyzing 82
studies (59 ML-based, 23 DHM-based) published between 2000 and
2022 across Scopus, IEEE Xplore, and PubMed.

e ML-Based Methods: Utilize hardware sensors (mostly piezoresistive or
capacitive thin-film mats) to train models. They require less domain-
specific expertise in physiology but necessitate large, application-specific
training datasets.

e DHM-Based Methods: Use kinematics/dynamics (e.g.,
musculoskeletal models) to estimate posture by minimizing physical
stress (joint torque/muscle effort). These are generally applicable
without training but require high expertise in human biomechanics.

e Key Comparison: ML methods mostly reach >90% accuracy
for classification tasks (e.g., sitting vs. standing), while DHMs
excel at predicting continuous joint angles and internal loads.

Research Question/ Need: Camera-based systems (MoCap) are expensive, restricted by line-

Problem/ Need of- sight, and raise privacy concerns. Static postures (sitting/sleeping)
suffer from IMU sensor drift.
Question: What are the existing input data sources/methods for FPE, and
what expertise is required to implement them?

Important Figures e Figure 4: Structure of piezoresistive film sensors (single-point vs. matrix).

e Table 3: Accuracy comparison of ML algorithms (SVM, kNN, CNN, RF).

e Figure 9: Sankey diagram linking sensors (Matrix, Single-point,
Load Cell) to methods and applications.
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VOCAB: (w/definition)

e Digital Human Model (DHM): A computer-based representation of
the human body used to simulate movements and ergonomic
interactions.

e Piczoresistive Material: A material that changes its electrical
resistance when mechanical stress (pressure) is applied.

e Inverse Kinematics (IK): The mathematical process of calculating
joint angles needed to reach a specific end-effector position (or to
match a pressure map).

Cited references to follow up

on

PRISMA 2020 statement for systematic review standards [30, 31].

Ngueleu et al. (2019) — Review on insole pressure data for gait analysis
[32].

Follow up Questions

At what point does the cost of generating a large ML training dataset
exceed the cost of hiring a biomechanics expert to build a DHM?

Can hybrid models (ML-informed DHMs) reduce the need for high
expertise while maintaining high accuracy?

Notes:

Sensor Types: * Thin Film Sensors: Piezoresistive (resistance-based) and Capacitive

(capacity-based). Both allow for thickness <200 pm, making them non-intrusive for seats

and mattresses.

o Load Cells: More accurate and can measure multi-directional forces/torques, but
are bulky and expensive.

Methodological Differences:

o ML: Best for Classification (identifying specific, predefined postures like
"leaning left"). Leading algorithms include SVM (70-99.7% accuracy) and CNNs
(84.8-99.8%).

© DHM: Best for Optimization (predicting the most "comfortable" or "natural”
posture based on physics). Common software: AnyBody (musculoskeletal),
RAMSIS (ergonomics), and JACK.

* Feature Extraction: Crucial for ML. Techniques include Center of Pressure (CoP),
Histogram of Oriented Gradients (HOG), and Sliding Windows. CNNs are unique as they

automate this step.

*  Optimization Criteria (DHM): Models often assume humans naturally adjust posture to
minimize joint torque, muscle effort, or joint fatigue.
* Application Trends: * Healthcare: Dominated by ML classification for patient/sleep

monitoring.

o Ergonomics/Automotive: Often use DHMs to predict how a driver will sit in a
newly designed seat.
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Article #14 Notes: Consensus Head Acceleration
Measurement Practices (CHAMP): Laboratory Validation
of Wearable Head Kinematic Devices

Source Title

Consensus Head Acceleration Measurement Practices (CHAMP):
Laboratory Validation of Wearable Head Kinematic Devices

Source citation (APA Format)

Gabler, L., Patton, D., Begonia, M., Daniel, R., Rezaei, A., Huber, C.,
& Wu, L. (2022). Consensus Head Acceleration Measurement
Practices (CHAMP): Laboratory Validation of Wearable Head
Kinematic Devices. Annals of Biomedical Engineering, 50(11),
1338-1353. https://doi.org/10.1007/s10439-022-03049-x

Original URL https://pmc.ncbi.nlm.nih.gov/articles/PMC9652295/

Source type Journal Article

Keywords Accuracy, Best practices, Head impact kinematics, Recommendations,
Validation

#Tags

Summary of key points + notes
(include methodology)

® Objective: To establish standardized "best practices" for the laboratory
validation of wearable devices (mouthguards, headbands, helmets, etc.)
that measure head kinematics to ensure data reliability in brain injury
research.

e Methodology: A consensus-driven process involving subject matter
experts in head kinematic sensing. The group developed
recommendations across four domains: surrogate selection, test
conditions, data collection, and data analysis.

e Selection: Standardized Anthropomorphic Test Devices (ATDs) like the
Hybrid III or NOCSAE headforms are recommended over non-biofidelic
or human volunteer models due to repeatability and built-in reference
sensor mounting.

e Test Conditions: Must mimic on-field environments (speed,
location, direction). Pneumatic linear impactors or drop towers are
standard.

e Data Collection: Reference data must be collected using laboratory-
grade sensors (e.g., 6a3w or NAP arrays) rigidly mounted to the
surrogate's center of gravity (CG).
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e Validation Metrics: Devices should be evaluated for impact
counting, magnitude, direction, and 6DOF (Six-Degree-of-Freedom)
time-history accuracy.

Research Question/ Need: Wearable devices are often deployed in sports (American football,
Problem/ Need soccer) without rigorous validation, leading to "noisy" or inaccurate data
that can confound brain injury research.
Problem: Variability in laboratory methodologies makes it difficult to
compare device accuracy across different studies and manufacturers.
Important Figures Figure 1: Photos of surrogates: Hybrid IIIl ATD, NOCSAE headform, and

volunteer heading a soccer ball.

Figure 2: Examples of impact setups: twin-wire drop towers, monorail
towers, and linear impactors.

Table 1: Comparison of surrogates (Non-biofidelic vs. ATDs vs. PMHS vs.
Volunteers) based on biofidelity, cost, and repeatability.

VOCAB: (w/definition)

e 6DOF (Six Degrees of Freedom): Refers to the movement of a rigid
body in three-dimensional space (three translational: x, y, z; and three
rotational: roll, pitch, yaw).

e Anthropomorphic Test Device (ATD): A high-fidelity crash test dummy
(e.g., Hybrid III) designed to simulate the physical properties and
responses of the human body.

e Biofidelity: The degree to which a mechanical surrogate mimics
the biological properties and physical responses of a living human.

e Center of Gravity (CG): The point at which the entire weight of the
headform is concentrated; reference measurements are typically
transformed to this point.

Cited references to follow up
on

e SAE J211 Protocol: The industry standard for filtering and
processing impact data

e King et al. (2015): Research on the Hybrid III neck and
headform biofidelity in sports impacts

Follow up Questions

Since the Hybrid III neck is "stiffer" than a relaxed human, how does this
specifically skew the validation of lower-severity impacts in soccer or
youth sports?
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How do validation requirements change for "skin patch" sensors versus
"mouthguard" sensors given the skin-to-skull coupling issues?

Notes:

Sensor-to-Skull Coupling: This is the most critical source of error. Mouthguards are
generally more accurate than helmets because they couple directly to the teeth (and thus
the skull), whereas helmets can shift/slide relative to the head.
Reference Sensors (Ground Truth):
o NAP (Nine-Accelerometer Array): Good for calculating angular acceleration but
prone to drift in angular velocity.
o 6a3m: Uses six accelerometers and three gyroscopes; currently considered the
"gold standard" for direct measurement of both linear and angular kinematics.
Filtering: Data must be filtered according to SAE J211 (CFC 1000 or CFC 180) to
remove high-frequency noise that doesn't represent actual head motion.
Surrogate Choice: * Hybrid III: Best for frontal impacts/automotive standards.
o NOCSAE: Better for helmet testing due to anatomical features like a nape and
chin.
Mandible Importance: For mouthguards, the surrogate must have a realistic or fixed
mandible. An unconstrained jaw can introduce up to 80% error in kinematic
measurements.
Environmental Factors: Temperature affects the stiffness of ATD neck rubber. Testing at
0°C can double the neck stiffness compared to room temperature.

Article #15 Notes: Using Inertial Sensors to Determine
Head Motion—A Review

Source Title

Using Inertial Sensors to Determine Head Motion—A Review

Source citation (APA Format) Ionut-Cristian, S., & Dan-Marius, D. (2021). Using Inertial Sensors to

Determine Head Motion—A Review. Sensors, 22(1), 332. https://doi.org/

10.3390/s22010332
Original URL https://pmc.ncbi.nlm.nih.gov/articles/PMC8708381/
Source type Journal Article Literature Review
Keywords head activity recognition, inertial sensors, wearable device, deep learning,

machine learning, motion detection
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#Tags

Summary of key points + notes
(include methodology)

e Objective: To provide a technical overview of head motion
monitoring systems based on inertial sensors (IMUs) from 2011 to
2021.

e Methodology: Systematic review of 51 selected papers from IEEE
Xplore, Elsevier, MDPI, and Springer, focusing on medical, HCI, and
sports applications.

e Key Findings: 49% of studies focus on medical issues (palsy, tremors,
falls), 20% on Human-Computer Interaction (HCI), and 8% on driver
safety.

e Sensor Placement: Most common areas are the forehead (18.86%) and
top of the head (16.98%). Ears and neck are also significant.

e Computational Trends: Classical Machine Learning (CML) is still
preferred over Deep Learning (DL) for head motion due to smaller
datasets and lower computational requirements for real-time wearables.

e Accuracy: Most systems achieve >90% accuracy using accelerometers
and gyroscopes.

Research Question/
Problem/ Need

Need: While general Human Activity Recognition (HAR) is well-studied,
specific monitoring of the head using IMUs lacks a comprehensive review.

Problem: Background noise and variability in how different users perform
gestures make accurate head-tracking challenging.

Important Figures

Figure 1: Taxonomy of head motion recognition applications (Medical vs.
HCI vs. Algorithm design).

Figure 5: Anatomical distribution of inertial sensors on the head
(Forehead, Vertex, Ear, Neck).

Table 2: Feature extraction overview (Time vs. Frequency domains).

VOCAB: (w/definition)

o IMU (Inertial Measurement Unit): An electronic device that measures
a body's specific force, angular rate, and sometimes the orientation of
the body.

® 9DOF (Nine Degrees of Freedom): A sensor configuration combining
a 3D accelerometer, 3D gyroscope, and 3D magnetometer.

e Cerebral Palsy (in context): A group of disorders affecting
movement; many reviewed studies use head-IMUs to help these
patients control wheelchairs or robotic arms.
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Cited references to follow up Bao and Intille (2004): Foundational work on accelerometer accuracy for

on

activity recognition [20].

Lara et al. (2013): Overview of features and computational methods in
motion recognition [14].

Follow up Questions Why is the vertex (top of head) less common for sensors than the forehead,

despite the vertex being closer to the head's center of rotation?

How do environmental magnetic fields interfere with the 9DOF systems
mentioned in the review?

Notes:

Technical Domains:
o Medical (49%): Focuses on "assistive technology." Examples include using head
tilts to drive a wheelchair for quadriplegic users.
©  HCI (20%): Using head gestures (nodding, shaking) as "virtual mouse" clicks or
for AR/VR interaction.
o Safety (8%): Detecting "head drop" in drivers to prevent accidents due to fatigue.
Sensor Selection: * 3DOF: Usually just an accelerometer (measures tilt/linear motion).
©  6DOF: Accelerometer + Gyroscope (measures "rate of turn," essential for fast
gestures).
©o  9DOF: Adds a Magnetometer (acts as a compass to prevent "drift" over time).
Processing Workflow:

1. Preprocessing: Digital filters (Kalman or Butterworth) remove vibration/noise.

2. Feature Extraction: Calculating the "Time Domain" (Mean, Max, Std Dev) or
"Frequency Domain" (Fast Fourier Transform - FFT).

3. Classification: Using algorithms like SVM, k-Nearest Neighbor (kNN), or
Random Forest to decide if the motion was a "nod" or a "tilt."

Sampling Rates:
©  Most applications use 50—100 Hz.
o High-speed sports (like hockey) or medical tremor analysis require up to 48 kHz.
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Article #16 Notes: Recurrent Neural Networks (RNNs):
Architectures, Training Tricks, and Introduction to
Influential Research

Source Title

Recurrent Neural Networks (RNNs): Architectures, Training Tricks, and
Introduction to Influential Research

Source citation (APA Format)

Das, S., Tariq, A., Santos, T., Kantareddy, S. S., & Banerjee, 1. (2023).
Recurrent Neural Networks (RNNs): Architectures, Training Tricks, and
Introduction to Influential Research. In Deep Learning for Healthcare
Applications. Springer, Cham.

Original URL https://www.ncbi.nlm.nih.gov/books/NBK 597502/

Source type Educational Review

Keywords Recurrent neural network (RNN), LSTM, GRU, Bidirectional RNN
(BRNN), Deep RNN, Language modeling

#Tags

Summary of key points + notes
(include methodology)

® Objective: To define and compare various RNN architectures
(SimpleRNN, LSTM, GRU, BRNN, Deep RNN, Encoder-Decoder)
and provide training strategies for sequential data.

e SimpleRNN: Uses feedback loops to remember past data. Shares
weights (§W, U, V§) across time steps. Susceptible to vanishing/
exploding gradients.

e LSTM (1997): Introduces "gates" (input, forget, output) and a cell
state ($c_t$) to solve long-term dependency problems.

e GRU (2014): A simplified version of LSTM with only two gates
(reset, update). Faster to train due to fewer parameters.

e Bidirectional RNN: Processes data in both forward and
backward directions simultaneously; essential for context (e.g.,
translation).

e Transformers: Use self-attention to allow for parallel
processing, overcoming the sequential speed bottleneck of
standard RNNs.

Research Question/
Problem/ Need

Need: Traditional feedforward networks cannot handle sequential
or variable-length data (like speech or text).
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Problem: Standard RNNs "forget" information from the distant past
because gradients shrink (vanish) or grow uncontrollably (explode) during
backpropagation through time (BPTT).

Important Figures Figure 1: Unfolded computational graph of a SimpleRNN.

Figure 3: Diagrams of One-to-Many (image captioning), Many-to-One
(classification), and Many-to-Many (translation) models.

Figure 4 & 5: Internal logic gates of LSTM vs. GRU.

Figure 8: Architecture of the Transformer (Encoder-Decoder stack).

VOCAB: (w/definition) e Hidden State ($h_t$): The "memory" of the network that
carries information from previous time steps to the current one.

e BPTT (Backpropagation Through Time): The algorithm used to train
RNNSs by unrolling the network and calculating gradients backward
through the sequence.

e Gradient Clipping: A technique to prevent "exploding gradients"
by capping the gradient value at a maximum threshold.

e Vanishing Gradient: When gradients become so small that weights in
early layers stop updating, preventing the network from learning long-
term dependencies.

Cited references to follow up Hochreiter & Schmidhuber (1997): The original paper introducing
on Long Short-Term Memory (LSTM) [7].

Vaswani et al. (2017): "Attention is All You Need" — the seminal paper on
Transformers [12].

Follow up Questions Why does the GRU perform similarly to the LSTM despite having one
fewer gate?
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In the context of driver fatigue (from the previous file), would a Many-to-
One RNN be more effective than a SimpleRNN for analyzing a 5-second
video clip of eye blinks?

Notes:

Training Tricks:
o Skip Connections: Allow gradients to flow directly through the network (Residual
learning), helping with convergence.
© Leaky Units: Hidden units with linear self-connections that "leak" past
information into the future at a controlled rate ($\alpha$).
Architecture Use Cases:
o Many-to-One: Used for Sentiment Analysis or Text Classification (e.g., reading a
whole sentence to decide if it's "happy" or "sad").
©  Many-to-Many: Used for Machine Translation (reading an English sentence and
outputting a French one).
©  One-to-Many: Used for Image Captioning (reading one image and outputting a
sequence of words).
LSTM Gates:

1. Forget Gate: Decides what to throw away from the previous state.
2. Input Gate: Decides which new information to store in the cell state.
3. Output Gate: Decides what the next hidden state should be.

Transformers vs. RNNs: While RNNs process words one by one (slow), Transformers
use "Self-Attention" to look at all words in a sentence at once (fast/parallelizable).
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Article #17 Notes: Recurrent Neural Networks: A
Comprehensive Review of Architectures, Variants, and

Applications

Source Title

Recurrent Neural Networks: A Comprehensive Review of Architectures,
Variants, and Applications

Source citation (APA Format)

Mienye, 1. D., Swart, T. G., & Obaido, G. (2024). Recurrent Neural
Networks: A Comprehensive Review of Architectures, Variants, and
Applications. Information, 15(9), 517. https://doi.org/10.3390/
info15090517

Original URL

https://www.researchgate.net/publication/
383449649 Recurrent Neural Net
works A _Comprehensive Review_of Architectures Variants and Applic

a

tions

Source type

Journal Article Literature Review

Keywords

deep learning, GRU, LSTM, machine learning, NLP, RNN

#Tags
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Summary of key points + notes
(include methodology)

e Objective: To synthesize recent advancements in RNNs (up to
2024), focusing on hybrid models, attention mechanisms, and cross-
domain applications.

e Standard RNN Architecture: Processes $x_t$ using weight matrices
for input (§W_ {xh}$) and recurrent connections ($W_{hh}$).

e Activation Functions: Compares Tanh (zero-centered), ReLU
(mitigates vanishing gradient), and ELU (speeds up learning by
reducing bias shifts).

e Gating Logic: Details the math behind LSTM (Input, Forget, Output
gates) and GRU (Update, Reset gates).

e Architectural Evolution: Discusses Stacked LSTMs (hierarchical
feature learning) and BiLSTM:s (bidirectional context).

e Novel Contributions: Covers newer variants like Peephole LSTM
and Echo State Networks (ESNs).

Research Question/
Problem/ Need

Need: Existing reviews often miss the most recent innovations like
hybrid CNN-RNN models and transformer integration.

Problem: Vanilla RNNs are inherently unstable for long sequences due to
the product of Jacobian matrices leading to numerical overflow or total
signal loss.

Important Figures

Figure 1: Basic RNN architecture with recurrent loops.
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Figure 2: Detailed internal architecture of an LSTM cell.

Figure 3: BiLSTM structure showing forward and backward passes.

Figure 4: Stacked LSTM layers for complex hierarchical patterns.

Table 1: Summary of major RNN reviews from 2014 to 2024.

VOCAB: (w/definition)

Jacobian Matrix: In RNNs, used to calculate how much the hidden state at
a future time step is affected by a previous state.

Peephole Connections: An LSTM variant where gates can "peek" at the
cell state directly, helping with precise timing tasks.

Softmax: A function used in the final layer to turn "raw scores" into a
probability distribution (summing to 1).

Zero-Centered: Activation functions like Tanh that range from -1 to 1,
helping keep the mean of the data near zero for faster convergence.

Cited references to follow up

on

e Cho et al. (2014): Foundation of Gated Recurrent Units (GRU) [16].

e Werbos (1974/1988): Introduction of Backpropagation Through
Time (BPTT) [13].

Follow up Questions

In the driver fatigue project, would a Peephole LSTM provide better
timing for "microsleep" detection compared to a standard LSTM?

How does the use of ReLU in an RNN compare to Tanh when dealing with
the specific "vanishing gradient" mentioned in the driver fatigue study?

Notes:

Key Differences in Gating:

o LSTM: Separates "Cell State" (long-term) from "Hidden State" (short-term). It is
more complex but powerful for long-range dependencies.
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©  GRU: Merges them. It is computationally lighter and often trains faster on smaller
datasets.
* Bidirectional Advantage (BiLSTM):

© Inastandard RNN, the model only knows what happened before the current
frame.

o InaBiLSTM, the model looks at the sequence from both ends. For driver
monitoring, this means the model can use future frames to confirm if a past "eye
closure" was actually a blink or the start of a nap.

Overcoming Instability:

o @Gradient Clipping: If the gradient exceeds a threshold (e.g., 1.0), it is "clipped" to
prevent the weights from exploding and ruining the model.

o ReLU vs. Tanh: ReLU is often preferred in deep networks because it doesn't
"saturate" (squash) large positive values, keeping the gradient alive.



Ghosh 66

Article #18 Notes: Conceptual Understanding of
Convolutional Neural Network—A Deep Learning

Approach

Source Title

Conceptual Understanding of Convolutional Neural Network—A Deep
Learning Approach

Source citation (APA Format)

Indolia, S., Goswami, A. K., Mishra, S. P., & Asopa, P. (2018). Conceptual
Understanding of Convolutional Neural Network—A Deep Learning
Approach. Procedia Computer Science, 132, 608-617. https://doi.org/
10.1016/j.procs.2018.05.069

Original URL https://www.sciencedirect.com/science/article/pii/S1877050918308019

Source type Literature Review

Keywords Convolution Neural Network (CNN), Deep Neural Network, Gradient
Descent, ADAM

#Tags

Summary of key points + notes
(include methodology)

e Objective: To provide a foundational guide to CNNs, explaining how
they overcome the limits of traditional ML (which require manual feature
engineering).

e Feature Learning: CNNs automatically learn hierarchy of features.
The first layers detect edges; middle layers detect shapes; final layers
detect specific objects.

e Layer Types:
- Convolutional Layer: Uses kernels/filters to create feature maps.

- Pooling Layer: Reduces spatial dimensions (downsampling) to
decrease computational load and prevent overfitting.

- Fully Connected (FC) Layer: Performs the final classification based
on features extracted by previous layers.

e Optimizers: Discusses Gradient Descent and ADAM (Adaptive Moment
Estimation), noting ADAM is highly efficient for large datasets and
complex architectures.



http://www.sciencedirect.com/science/article/pii/S1877050918308019

Ghosh 67

Research Question/ Need: As image data grows in complexity, traditional ML fails because it

Problem/ Need cannot handle raw pixel data effectively without manual preprocessing.
Problem: How to maintain spatial relationships in image data while
reducing the number of parameters to train.

Important Figures CNN Architecture Diagram:

Kernel Filter:

VOCAB: (w/definition)

Kernel/Filter: A small matrix of weights used to extract features from an
input image.

e Stride: The number of pixels by which the filter moves across the
input matrix.

e Padding: Adding zeros around the border of an image to allow the filter
to fit and maintain output size.

e Overfitting: When a model learns the training data "too
well" (including noise) and fails to generalize to new data.

Cited references to follow up
on

o[ eCun et al. (1998): The "LeNet-5" paper, which established CNNs for
digit recognition [14].

e Krizhevsky et al. (2012): "AlexNet," which popularized deep CNNs
for large-scale image classification [9].

Follow up Questions

In the driver fatigue study, is a CNN used to detect the eyes before the
RNN analyzes the sequence of frames?

How does Max Pooling differ from Average Pooling in the context of low-

light (dim) camera conditions?

Notes:

How CNNs process images:

1. Convolution: The "sliding window" effect. It looks for patterns.

2. Activation (ReLU): Turns negative pixel values to zero to speed up math.

3. Pooling: Shrinks the image. If you have a 100x100 image, pooling might make it
50x50, keeping only the most "important" pixels.

4. Flattening: Turns the 2D grid of pixels into a 1D line of data so the final neural
network can read it.

5. Classification: The final "brain" layer that says "This is a drowsy eye."

Connection to Driver Monitoring:

©o The EAR (Eye Aspect Ratio) mentioned in Article #1 relies on "landmarks."
o A CNN is usually the engine that finds those landmarks (corners of the eyes,
center of the pupil) in the first place
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Article #19 Notes: ImageNet Classification with Deep
Convolutional Neural Networks

Source Title

ImageNet Classification with Deep Convolutional Neural Networks

Source citation (APA Format)

Krizhevsky, A., Sutskever, 1., & Hinton, G. E. (2012). ImageNet
classification with deep convolutional neural networks. Advances in

Neural Information Processing Systems, 25.

Original URL

https://proceedings.neurips.cc/paper_files/paper/2012/file/
¢399862d3b9d6b7 6¢8436€924a68c45b-Paper.pdf
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Source type Research Paper
Keywords CNN, ImageNet, ReLLU, Dropout, GPU training, AlexNet
#Tags

Summary of key points + notes
(include methodology)

® Objective: To classify 1.2 million images into 1000 classes using a
large, deep CNN (AlexNet).

e Architecture: 5 Convolutional layers + 3 Fully-Connected layers.
It utilized two GPUs for parallel training.

e Key Innovations:

- ReLU Nonlinearity: Replaced Tanh/Sigmoid, allowing the model to
train 6x faster.

- Dropout: Randomly "turned off" 50% of neurons during training to
prevent complex co-adaptations (overfitting).

- Data Augmentation: Used horizontal flips and random crops to
artificially increase the training set size.

e Performance: Achieved a top-5 error rate of 15.3%, shattering the
previous record of 26.2%.

Research Question/
Problem/ Need

Need: To handle the massive variability of objects in realistic settings, a
model with high learning capacity was needed.

Problem: Large networks are prone to severe overfitting and take weeks to
train on traditional hardware.

Important Figures

Figure 2: Detailed architecture diagram showing the split across two GPUs.

Figure 3: Visualization of the 96 kernels learned in the first layer
(revealing edge and color detectors).

Figure 4: Examples of top-5 predictions and image similarity based on
hidden layer features.
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VOCAB: (w/definition)

e Top-5 Error Rate: The percentage of test cases where the correct label is
not among the model's top 5 guesses.

e Saturating Nonlinearity: Functions like Tanh where the gradient
becomes very small for large inputs (slowing down training)

e Non-Saturating (ReLU): $f(x) = max(0, x)$, which maintains a
steady gradient for all positive values.

e Local Response Normalization (LRN): A technique (later less
common) used to mimic "lateral inhibition" in biological neurons.

Cited references to follow up

on

e [eCun et al. (1998): Early CNN work (LeNet) [16].

e Nair & Hinton (2010): The paper that first explored ReL.Us [20].

Follow up Questions

AlexNet used 11x11 filters in the first layer. Why do modern versions (like
VGG or ResNet) prefer smaller 3x3 filters?

How does dropout specifically help in a driver monitoring system where
the data (facial features) is very consistent?

Notes:

*  Why AlexNet Changed Everything:
o It proved that GPUs were essential for deep learning.
o It popularized ReLU as the default activation function.
o Itintroduced Dropout to the mainstream, solving the problem of networks
"memorizing" images instead of "learning" them.
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Article #20 Notes: Left or right? Detecting driver’s head

movement on the road

Source Title Left or right? Detecting driver’s head movement on the road

Source citation (APA Format) Shojaeifard, L., Islam, A., Shaheen, H., Schroderus, V., & Peltonen, E.
(2023). Left or right? Detecting driver’s head movement on the road.
Proceedings of the 13th International Conference on the Internet of
Things, 137-144. https://doi.org/10.1145/3627050.3627067
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Original URL https://www.researchgate.net/publication/374750838 Left or right Detecti
ng_driver's_head movement on_the road

Source type Conference Paper

Keywords Earables, Vehicular Sensing, Head Position Tracking, IoT, Random Forest

#Tags

Summary of key points + notes
(include methodology)

e Objective: To classify head orientation (Left, Right, Straight)
using lightweight IMU sensors in an ear-worn device ("earable")
rather than heavy-weight cameras.

e Methodology: Used the eSense device (IMU with 3-axis
accelerometer/gyroscope). Data was collected in two phases:
stationary (sitting still) and driving in a real car.

e Algorithms: Compared Random Forest (RFC), K-Nearest
Neighbor (kNN), and Logistic Regression (LR).

e Key Findings:
- RFC was the most effective (96% accuracy).

- Accuracy in driving scenarios is lower than stationary due to
vehicle vibration noise.

- Data Imbalance: In driving, "Straight" accounts for ~91% of data. The
study emphasized using undersampling to prevent the model from
ignoring "Left" and "Right" turns.

Research Question/
Problem/ Need

Need: Computer-vision systems (Article #1 & #9) are computationally
heavy and have privacy concerns.

Problem: How to achieve high-accuracy head tracking on low-power
microcontrollers using lightweight data.

Important Figures

Figure 1: Data collection procedure using the eSense earbud.

Figure 2: Accelerometer/Gyroscope signal visualizations for different head
poses.
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Confusion Matrices: Showed how models sometimes misclassify "Left" as
"Straight" in imbalanced datasets.

VOCAB: (w/definition) Earables: Wearable devices worn in the ear that contain sensors beyond
just audio (e.g., IMUs).

IMU (Inertial Measurement Unit): An electronic device that measures a
body's specific force and angular rate (includes accelerometers and
gyroscopes).

Undersampling: Removing examples from the majority class (e.g.,
"Straight") to balance the dataset so the model learns minority classes (e.g.,
"Left/Right") better.

Cited references to follow up e Krizhevsky et al. (2012): Referenced for standard CNN
on benchmarks (Article #10).

e Lce etal. [11]: Research specifically connecting head movement
to drowsiness detection.

Follow up Questions Could the earable's gyroscope data be combined with the EAR (Article
#1) to create a "multi-modal" system that detects both eyes and head-
nodding?

How does the system filter out the "noise" of a car turning a corner versus
the driver turning their head?

Notes:

* IMU vs. Vision:
o Vision (Articles #1, #9, #10): Excellent for eyes/mouth; struggles in dark; heavy
processing.
o IMU (Article #11): Excellent for head tilt/posture; works in total darkness; very
"lightweight" (runs on a tiny battery).
* The "Straight" Bias:
© Because drivers spend 90% of their time looking straight, a machine learning
model might "cheat" and just guess "Straight" every time to get a 90% score.
©  The authors used Randomized Undersampling to force the model to actually learn
what a "Left" or "Right" turn looks like.
* Degrees of Freedom (6-DoF):
© The earable tracks 3 axes of acceleration and 3 axes of rotation. This is critical for
detecting "head nodding" (often the first sign of microsleep)
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Patent #1 Notes: Driver Attention Detection Method

Source Title

Driver Attention Detection Method

Source citation (APA Format)

Wu, Y., Porikli, F., Yang, L., & Ma, Y. (2021). Driver Attention Detection
Method (U.S. Patent No. 2021/0357670A1). U.S. Patent and Trademark
Office.

Original URL https://patents.google.com/patent/US20210357670A1/en

Source type Patent

Keywords Heat map, Gaze tracking, CNN, Driver distraction, Scene information
#Tags

Summary of key points + notes
(include methodology)

e Objective: To monitor driver attentiveness by comparing where a driver is
looking versus where they should be looking.

e Methodology: The system generates two distinct "heat maps":

1. Reference Heat Map: Uses vehicle data (speed, GPS, turn signals) and
scene info (road conditions, traffic) via a CNN to identify high-risk
regions requiring attention.

2. Driver Gaze Heat Map: Uses in-cabin sensors to track the driver's
gaze direction and duration.

e Analysis: The system merges these maps. If the driver’s gaze heat map
does not align with high-value regions on the reference map (e.g., they
aren't looking at a pedestrian the car has detected), a warning is issued.

Research Question/
Problem/ Need

Need: Existing systems often analyze data frame-by-frame without
context (e.g., they see a driver looking away but don't know if they are
looking at a mirror or a phone).

Problem: How to integrate external road conditions with internal driver
behavior to provide meaningful distraction alerts.

Important Figures

Figure 3A/3B: Illustration of the Reference Heat Map and the CNN
architecture used to generate it.
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Figure 4: Generation of the Driver Gaze Heat Map based on eye tracking
over time.

Figure 5: The "Driver Attentiveness Network" that merges both maps for
final decision-making.

VOCAB: (w/definition)

e Heat Map: A data visualization where values are represented by
colors (e.g., red for high-risk/high-attention areas, blue for low).

e CAN Bus (Controller Area Network): The vehicle's internal network
that allows microcontrollers and devices (like the speedometer and
brakes) to communicate without a host computer.

e Reference Heat Map: A map identifying "salient" or important regions
in the environment (e.g., traffic lights, braking cars).

Cited references to follow up

on

Smart Eye Ab®: Mentioned as a provider for gaze direction estimation
technology [42].

Follow up Questions

How does the system prioritize different "high-risk" areas? (e.g., ifa
pedestrian is on the left but a car is merging on the right, which one defines
the reference map "peak"?)

Could this patent's "Heat Map" approach be simplified for a Raspberry Pi
project using OpenCV?

Notes:
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o Most driver monitors only look at the driver. This patent looks at the Road
and the Driver simultaneously.

o It uses a Convolutional Neural Network (CNN) to perform "Saliency
Detection"—Dbasically teaching the car to know what is "interesting" or
"dangerous" on the road.

* Merging Internal and External Data:
o Internal: Eye tracking (Gaze Heat Map).
o External: Camera/Radar (Reference Heat Map).
* System Components (The "Capture Device"):
o Uses an Image Corrector and Video Enhancer to handle "shaky" or "dark"

video
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Patent #2 Notes: System and method for monitoring and
managing driver attention loads

Source Title

System and method for monitoring and managing driver attention loads

Source citation (APA Format)

Victor, T. (2005). System and method for monitoring and managing driver
attention loads (U.S. Patent No. 6,974,414). U.S. Patent and Trademark
Office.

Original URL https://patents.google.com/patent/US6974414B2/en

Source type Patent

Keywords Driver workload, Attention management, PERCLOS, Feedback principle,
Gaze redirection

#Tags

Summary of key points + notes
(include methodology)

e Objective: To create an integrated "Attention Management System"
that monitors physiological variables (eye movement, head position,
facial temperature) to mitigate drowsiness and distraction.

e Methodology: The system uses a visual behavior sensor (e.g.,
SeeingMachines or SMARTEYE) to calculate PERCLOS (Percentage
of Eye Closure) and steering/lane-keeping consistency. It processes this
via a central computer (onboard PC or xPC) to trigger
countermeasures.

e Countermeasures: Includes a "tier" of responses: Continuous
feedback (attention-meter), Cautionary warnings (icons/voice), and
Alarms (seat vibration/HUD flashing).
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e Workload Manager: A unique feature that prioritizes info; for example,
it pauses "text-to-speech" emails or phone calls if the driver's "visual
activity" (head/eye rotation variability) is too high.

Research Question/ Need: Drivers are poor judges of their own performance and often unaware
Problem/ Need of how much secondary tasks (phones, navigation) distract them.
Problem: How to provide "intrinsic feedback" that causes long-term
behavioral change rather than just immediate crash warnings.
Important Figures Figure 3: The HMI "Platform" for continuous info, cautionary warnings, and

response tests.

Figure 6: Gaze Redirection—using LED light waves to guide a driver’s eyes
back to the road.

Figure 8 & 9: Graphical "Attention Meters" showing real-time vs. optimal
attention levels.

VOCAB: (w/definition)

e Workload: How busy a person is and the amount of effort needed
to perform tasks (Primary = driving; Secondary = phone/radio).

e Gaze Redirection: A safety interface that uses visual stimuli (like
moving LED lights) to physically guide a distracted driver’s eyes back
to the windshield.

e Decision Influence: The concept that providing data to a driver
will influence them to make safer choices, like stopping for
coffee.

Cited references to follow up
on

PERCLOS Studies: Referenced as the standard for measuring drowsiness
through eye closure.

Follow up Questions

How does the "Gaze Redirection" (FIG. 6) compare to the "Warning"
approach in Article #12? Is one more effective at stopping a crash?
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For a student project: Is a "seat vibration" alarm (Article #13) easier to
build with an Arduino than a Telegram alert (Article #1)?

Notes:

*  The Workload Concept:

o This patent introduces "Secondary Tasks." If you are changing the radio, that is a
secondary task. If the car detects you are swerving, it may block you from
changing the radio until you are stable.

Gaze Redirection

o Instead of just a "BEEP," this system uses a LED strip. If you are looking at your
phone in your lap, a "wave" of light travels up the dashboard to pull your eyes
back up to the road.

*  Post-Trip Feedback:
o It gives you a score at the end of your trip
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