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Abstract: Fatigued driving is one of the leading causes of traffic accidents, and detecting fatigued
driving effectively is critical to improving driving safety. Given the variety and individual variability
of the driving surroundings, the drivers’ states of weariness, and the uncertainty of the key char-
acteristic factors, in this paper, we propose a deep-learning-based study of the MAX-MIN driver
fatigue detection algorithm. First, the ShuffleNet V2K16 neural network is used for driver face
recognition, which eliminates the influence of poor environmental adaptability in fatigue detection;
second, ShuffleNet V2K16 is combined with Dlib to obtain the coordinates of driver face feature
points; and finally, the values of EAR and MAR are obtained by comparing the first 100 frames of
images to EAR-MAX and MAR-MIN. Our proposed method achieves 98.8% precision, 90.2% recall,
and 94.3% F-Score in the actual driving scenario application.

Keywords: fatigue driving; deep learning; MAX-MIN algorithm; ShuffleNet V2K16; threshold
judgment

1. Introduction

With the continuous development of railroad mileage and the number of cars all
over the world, cars have brought speed and convenience to people’s lives, while at the
same time traffic accidents occur frequently. Fatigued driving is one of the main causes of
traffic accidents. According to the China Statistical Yearbook 2021, in 2021, 61,700 people
were killed in traffic accidents in China, and about 250,000 people were injured in traffic
accidents in China. Among traffic accidents, those caused by fatigued driving account for
20–30% of traffic accidents, especially on highways, where more than 30% of accidents
occur due to fatigued driving. Therefore, it is crucial to detect the fatigued driving status
and issue the corresponding warning.

Fatigue driving refers to the muscle relaxation and mental fatigue that occur after a
long period of intense driving, as well as the decrease in hand and foot reaction ability and
anticipation ability, which results in slow movements. Lal et al. [1] defined fatigue driving
as an excess change from the arousal to the sleep state that occurs when the fatigue state
does not change.

The identification of fatigued driving status necessitates the use of several disciplines,
including medicine, psychology, optics, communication, and computers. As a result,
experts and scholars both at home and abroad have concentrated their efforts on detecting
fatigued driving.

Currently, the most popular form of detection in China is the technique for detecting
the fatigue state in a driver’s facial features. By observing the driver’s eyes movement and
head changing positions, the degree of fatigue can be detected [2]. However, because these
algorithms frequently fail to take into account the driver’s individual traits, they are not
reliable and robust.
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In this paper, we suggest a novel detection technique for individual driver differences
in complex situations to address the aforementioned problems. The following are the
creative points:

(1) The enhanced ShuffleNet V2K16 convolutional neural network is used to create a
driver facial feature point monitoring architecture. YawDD [3], an open-source dataset, is
also used to train the network. The enhanced ShuffleNet V2K16 algorithm improves facial
recognition precision, simplifies the network mechanism, decreases computation time, and
is simpler to port to mobile devices than other algorithms such as PFLD [4] and PafPif [5].

(2) The lightweight network structure of ShuffleNet can quickly and accurately gather
the driver’s facial feature point information to obtain the feature values for assessing the
fatigue state by combining ShuffleNet V2K16 with Dlib.

(3) The MAX-MIN fatigue detection technique is suggested. The majority of the
detection algorithms now in use are based on the MAR and EAR values and employ the
driver’s eye and mouth feature point thresholds as judgment features to assess whether or
not the driver is weary. Based on the analysis of 2000 images from the YawDD dataset, it
was observed that the sizes of drivers’ eyes and mouths varied. Additionally, the degree of
mouth aperture during yawning also exhibited variation. The tiredness level is established
by choosing the fatigue threshold that is unique to each driver by comparing the EAR and
MAR acquired after 100 frames with the corresponding EAR-MAX and MAR-MIN values.
In comparison to earlier detection methods, this method is more accurate and adaptive.

This paper is divided into five main sections, as follows:
The first part mainly introduces the research background and the significance of

fatigue driving detection and briefly describes the current research status of fatigue state
detection at home and abroad. In view of the shortcomings of the existing research, a new
algorithm for fatigue state recognition is proposed in this paper. Finally, the innovation of
the proposed algorithm is introduced.

The second part describes the existing work related to fatigue detection. Three ideas
for fatigue detection solutions are detailed.

The third part discusses the study’s associated methodologies. It basically covers the
detection of the driver’s face using ShuffleNet V2K16, integration with Dlib, the feature
point localization computation, and the related MAX-MIN technique provided in this work.

The fourth part is the experimental analysis. Firstly, the experimental environment
and dataset are introduced, and then different networks are used to extract feature points
for the driver’s face. Then, the MAX-MIN calculation method is used for the driver’s
eyes and mouth to perhaps calculate the fatigue detection threshold. Finally, the fatigue
detection algorithm designed in this paper is evaluated in terms of both precision and
real-time performance.

The fifth part is the conclusion. It summarizes the main work of this paper, the
shortcomings of the system design, the aspects that need to be improved, and finally
proposes the future optimization direction and outlook of the fatigue detection algorithm.

2. Related Works

Fatigue driving recognition methods based on deep learning have received a lot of
attention from many industries, but the majority of these appeared one after another only
after 2015 and were basically divided into three model design ideas. The first research
line is to identify different drivers by using image classification models. Y. Hu et al. [6]
proposed a multi-stream CNN model, designed three shallow volumes and networks with
different sensory fields, and realized multi-scale exchange by a feature map fusion strategy.
The model was tested on the publicly available State Farm dataset with a precision of 86.4%.
W. Xiang et al. [7] obtained information from multiple channels, such as grayscale, gradient,
and optical flow from the input frames, and extracted the temporal and spatial information
contained in the feature maps by 3D convolution. The feature maps were fed to the attention
mechanism module, and the feature weights were optimized. The SVM (Support Vector
Machine) classifier output was used to determine the driving state. The paper also carried
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out some research on protecting the driver’s facial privacy and security. The recognition
rate could reach 95% on the self-built dataset (SBD). Image classification models usually
take specific frames as input and are trained end-to-end to determine different driver
behavior classes directly. The advantages of this type of model are its simple and clear
network structure and fast computation. The drawbacks of this type of model are that it
does not utilize dynamic information between frames and has slightly lower precision,
which is suitable for embedded platforms. Shahzeb Ansari et al. [8] used a motion capture
system to detect the driver’s head posture motion to measure whether the driver was
fatigued or not. The second line of research is to use target detection models to localize
specific targets and achieve person-to-person discrimination. H. Jia et al. [9] proposed a
fatigue driving detection algorithm based on deep learning and driver facial multi-metric
fusion, using an improved multi-task cascaded convolutional neural network (MTCNN) to
quickly and accurately locate the face and detect the key points of the face, fusing the study
closure rate, mouth expansion rate, and head non-positive face rate features to determine
whether the driver is fatigued or not. The proposed algorithm based on the homemade
dataset of H. Han et al. [10] collected actual eye movement parameters from 36 drivers
using an “eye-tracking device” and used a driving simulator to simulate the actual eye
movement parameters. PERCLOS, combined with the SSS table, was used to determine the
fatigue level threshold for different monotonic driving scenarios. Finally, a deep learning
method based on LSTM (long short-term memory) was used to build recognition models
for drivers with different fatigue levels to detect their actual levels. The recognition rate
of the established fatigue recognition model can reach 97.8% for the total recognition rate
of drivers, which is higher than the recognition precision of traditional machine learning
methods. The third research idea is to identify different driver behaviors using video
classification models. N. Moslemi et al. [11] used the I3D model to extract spatiotemporal
representations from video sequences to discriminate driver behaviors. T. Zhu et al. [12]
proposed a TCDCN deep-learning-based multifaceted feature fusion fatigue detection
algorithm that introduces a new face-tracking algorithm to improve precision. Using EAR,
MAR, and PERCLOS and setting the weights, the threshold to determine the fatigue status
can be found. It can identify driver drowsiness and yawning in real time. In contrast to
image classification models and target detection models, the input to video classification
models is a video sequence. These models effectively use inter-frame motion information
and can extract spatiotemporal representations of driver behavior with higher precision
than the first two types of models. They are also more computationally intensive and
suitable for general-purpose computing platforms.

Based on the provided literature, we adopt the idea of a target-detection-model-based
localization of specific targets with the calculation of the relevant parameters to determine
the driver fatigue status, aiming to reduce the computational complexity while improving
the detection precision. This is shown in the following section.

3. Materials and Methods

This work is divided into four sections: face detection and feature point localiza-
tion, EAR-MAX and MAR-MIN calculations, MAX-MIN calculations, and fatigue state
assessment. This paper first used ShuffleNet V2K16 combined with Dlib to detect the
driver’s face and locate 68 points combined with Dlib to determine whether fatigue is
determined by EAR/EAR-MAX and MAR/MAR-MIN parameters to make a judgment.
Then, using front-end video frames, it calculates the EAR-MAX and MAR-MIN values of
various drivers, compares the values to the EAR and MAR values in back-end frames, and
finally decides. Figure 1 depicts the overall organizational structure of this paper.

3.1. Face Detection and Special Point Localization

Face feature point detection is an important step in fatigue recognition. The 68 feature
locations on the human face identify specific facial regions, such as the mouth, brows, and
eye regions. ShuffleNet V2K16 was used in this paper to locate the key points on the face.
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Net employs group convolution as well as channel reorganization. As shown in Figure 2,
each group of channels is averaged and then reconstructed into a new feature map in order
by ShuffleNet.
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Figure 2. Structural characteristics diagram. (a) two stacked convolution layers with the same number
of groups. (b) input and output channels and fully related when GConv2 takes data from different
groups after GConv1.

Two channels are recombined in Figure 2, and GConv represents group convolution:
(a) represents two stacked convolution layers with the same number of groups, and each
output channel is only related to the input channel in the group for a crossover; (b) rep-
resents the recombination of two channels, and the output is 68 coordinate points and
background information for a total of 69 class outputs.

In comparison to other versions, the upgraded ShuffleNet V2K16 is quicker and
significantly more accurate. Channel splitting is a new operation that has been introduced.
When the output channel is equal to the input channel, the MAC consumption of ShuffleNet
V2 is lowest; as a group of group convolutions rises, the MAC also increases; as network
fragmentation increases, network speed decreases; and as operation between elements
decreases [13]. The network architecture is depicted in Figure 3. At the start of the unit, the
input feature map is split into two branches (each with half as many channels). The right
branch performs three convolutions with a step size of one, using the same number of input
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and output channels, whereas the left branch remains unchanged and changes continuously.
The 3 × 3 convolution is a deep convolution inside a deep separable convolution, while the
two 1 × 1 convolutions are regular convolutions. After the convolution is completed, the
two branches are concatenated, the channel numbers are added, the features are combined,
and the channel shuffle is used to transfer information between various groups. Then,
all of the channels are fused together. Figure 3b differs from Figure 3a in that there is no
initial channel split, and the feature maps are sent directly to the two branches. Using
3 × 3 deep convolution with a step size of 2, the length (H) and width (W) of the feature
map are reduced in both branches, reducing the computational load on the network. The
two branch outputs are then subjected to the concatenation procedure, yielding a channel
count that is double that of the initial input. This doubles the number of channels without
noticeably increasing the FLOPs, widens the network, and enhances feature extraction.
The same channel is then mixed and washed in order to realize the information exchange
between many channels.
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3.2. The MAX-MIN Algorithm

The condition of the driver’s eyes and lips can be used in tiredness detection to identify
whether or not the driver is fatigued. The face structure is located to acquire the facial
features; the precise image is given in Figure 4 [14].

3.2.1. Eye Condition Evaluation Index

The distance between the upper and lower eye feature points changes somewhat
when the eyes are opened and closed. The EAR is obtained by using the relative distances
between the eye feature points. The coordinates of the left and right eye points are 60–65
and 66–71, respectively, as can be seen in Figure 4.

EAR =
‖P61 − P65‖+ ‖P62 − P64‖

2‖P60 − P63‖
(1)

The formula for the right eye is similar.
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3.2.2. Mouth Condition Evaluation Index

When a driver yawns, the mouth opens and closes similarly to the eyes, and some
scholars use the key points of the outer lip for detection. The MAR value is obtained by
calculating the relative distance between the feature points of the mouth. From Figure 4, it
can be seen that the key points of the mouth are 72–88.

The formula for calculating MAR is as follows:

MAR =
‖P73 − P83‖+ ‖P77 − P79‖

2‖P72 − P78‖
(2)

The numerator part of the expression represents the Euclidean distance between the
vertical feature points, and the denominator subscripts represent the Euclidean distance
between the horizontal feature points of the eyes and the mouth.

3.2.3. The MAX-MIN Algorithm Evaluation Metrics

Driving while fatigued is a complex psychological and physiological condition that
occurs in real-world driving situations. The findings of the detection are easily influenced
by different settings. In this paper, the MAX-MIN algorithm is indeed suggested. Based
on the EAR and MAR formulas, this method performs a new calculation. In actuality, the
driver’s eyes and mouth differ due to individual differences, and in many old studies,
the EAR and MAR were typically calculated as a fixed value to evaluate whether or not
the driver was fatigued, neglecting the variations between individual drivers. Figure 5
illustrates that each driver’s eyes and lips are not the same sizes in reality. As a result, the
EAR and MAR values may differ. The first 100 frames of each movie in the dataset are used
to calculate the EAR-MAX and MAR-MIN values in this paper. Additionally, new values a
and b are assigned once the EAR and MAR values of each succeeding frame are compared
to the EAR-MAX and MAR-MIN values.

a = EAR
EAR−MAX

b = MAR
MAR−MIN

(3)
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4. Experiment and Analysis

In order to confirm the algorithm’s efficacy, in this study, we trained the adaptive driver
facial feature fatigue detection algorithm using a public dataset, and then we evaluated the
method using a self-built dataset (SBD) to ensure that it is practical.

4.1. Simulation Environment

Table 1 displays the setup of the computer hardware used in this experiment. The
experiments in this work were performed with Python 3.7, an Intel(R) Core(TM) i7-
10870H CPU, and an NVIDIA GeForce RTX 4090 GPU in a Windows 10 environment
for model training.

Table 1. Hardware configuration.

Type Parameter

CPU Inter (R) Core(TM)i7-10870H CPU
GPU NVIDIA GeForce RTX 4090

CUDA version CUDA 10.1
System environment Windows 10
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4.2. The Datasets

In this research, two primary types of datasets were used for experiments to test the
efficacy of the proposed MAX-MIN algorithm in the driver fatigue detection task. The
model and algorithm were used to test the driver’s yawning and closed eyelids. For eye and
mouth detection, the first class chooses the publicly accessible YawDD video dataset; videos
of many drivers behind the wheel can be found there. The movies are split into two sections:
one was recorded from the camera mounted beneath the rearview mirror of the vehicle
and measured the driver; the other was recorded from the camera mounted above the
dashboard and faces the driver, capturing a 30-frame-per-second frontal image of the driver.
Each driver had three to four videos taken. The generalizability of the model was tested
using this dataset. The dataset’s frontal portion was used in this paper. There are 322 films
in this dataset showing drivers of various races, including men and women, wearing and
not wearing eyeglasses and sunglasses. Figure 7 displays a few examples of the YawDD
dataset. The second dataset is our own SBD. To collect data for our study, six healthy
drivers (three men and three women, aged 20 to 40 years) were recruited to participate in
the SBD real-world driving environment. Participants were required to possess a valid
driver’s license and log more than 1000 km annually. Each driver recorded approximately 8
min of their driving behavior while adhering to instructions that prohibited mobile phone
use, smoking, conversing with passengers, yawning while dozing off, or closing their eyes.
The driving conditions were sunny, with clear roads and safe traffic, providing an optimal
day for data collection. The data were collected between 8:00 and 17:00. The video footage
captured various realistic scenarios of driving behavior, such as yawning, conversing, and
closing one’s eyes. Figure 8 displays an example scenario of a driver yawning in the video.
In addition to the real-world data, we also included a 30 s video of simulated fatigue as part
of our experimentation for detection purposes. It is important to note that all participating
drivers were in excellent physical health and had no relevant illnesses.

Appl. Sci. 2023, 13, x FOR PEER REVIEW 8 of 15 
 

Type Parameter 
CPU Inter (R) Core(TM)i7-10870H CPU 
GPU NVIDIA GeForce RTX 4090 

CUDA version CUDA 10.1 
System environment Windows 10 

4.2. The Datasets 
In this research, two primary types of datasets were used for experiments to test the 

efficacy of the proposed MAX-MIN algorithm in the driver fatigue detection task. The 
model and algorithm were used to test the driver’s yawning and closed eyelids. For eye 
and mouth detection, the first class chooses the publicly accessible YawDD video dataset; 
videos of many drivers behind the wheel can be found there. The movies are split into 
two sections: one was recorded from the camera mounted beneath the rearview mirror of 
the vehicle and measured the driver; the other was recorded from the camera mounted 
above the dashboard and faces the driver, capturing a 30-frame-per-second frontal image 
of the driver. Each driver had three to four videos taken. The generalizability of the model 
was tested using this dataset. The dataset’s frontal portion was used in this paper. There 
are 322 films in this dataset showing drivers of various races, including men and women, 
wearing and not wearing eyeglasses and sunglasses. Figure 7 displays a few examples of 
the YawDD dataset. The second dataset is our own SBD. To collect data for our study, six 
healthy drivers (three men and three women, aged 20 to 40 years) were recruited to par-
ticipate in the SBD real-world driving environment. Participants were required to possess 
a valid driver’s license and log more than 1000 km annually. Each driver recorded ap-
proximately 8 min of their driving behavior while adhering to instructions that prohibited 
mobile phone use, smoking, conversing with passengers, yawning while dozing off, or 
closing their eyes. The driving conditions were sunny, with clear roads and safe traffic, 
providing an optimal day for data collection. The data were collected between 8:00 and 
17:00. The video footage captured various realistic scenarios of driving behavior, such as 
yawning, conversing, and closing one’s eyes. Figure 8 displays an example scenario of a 
driver yawning in the video. In addition to the real-world data, we also included a 30 s 
video of simulated fatigue as part of our experimentation for detection purposes. It is im-
portant to note that all participating drivers were in excellent physical health and had no 
relevant illnesses. 

  
(a) (b) 

Figure 7. YawDD dataset: (a) Images of male drivers. (b) Images of female drivers. Figure 7. YawDD dataset: (a) Images of male drivers. (b) Images of female drivers.

4.3. Training and Evaluation Index for Target Detection

The training dataset was the YawDD dataset. The learning rate was set to 0.01 for the
first 20 iterations and 0.001 for the final 20. The training procedure was iterated 50 times.

The evaluation metrics selected in the experiments include precision, recall,
and F-score.
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(1) Precision
Equation (4) illustrates the formula which is used to gauge the precision of recognizing

driver weariness.
Precision =

TP
TP + FP

(4)

The phrase TP represents how many times the motorist was correctly identified as
being exhausted, while FP indicates how many times the driver was incorrectly identified
as being fatigued.

(2) Recall
The recall rate serves as a barometer for fatigue detection. Equation (5) gives the

formula for this quantity, which displays the rate of missed driver fatigue detection by
the system.

Recall =
TP

TP + FN
(5)

The FN in the calculation represents the number of times the system mistakenly
interprets the driver’s state as non-fatigue when in fact the driver is in a state of fatigue.

(3) F-Score
The F-score is a comprehensive index designed to measure the performance of the

system for detecting driver tiredness more thoroughly while balancing the influence of the
precision and recall rates. The greater the F-score, the better the performance; the expression
is shown in Equation (6). It is a way of combining the precision and recall of the model,
and it is defined as the harmonic mean of the model’s precision and recall.

F− Score =
2× Precision× Recall

Precision + Recall
(6)

4.4. Fatigue Testing Experiments

The experimental data used for detecting weariness were YawDD videos. Each video
depicts various signs of exhaustion, including yawning and closed eyes. Figure 9 displays
the detection results. The tiredness condition was assessed using the EAR-MAX and MAR-
MIN assessment indices, respectively. A number of experiments were carried out to confirm
the efficacy of the proposed individual-differences-based fatigue detection method. When
several drivers blinked and yawned while driving, the level of weariness was assessed
based on the feature values of the eyes and lips [12].
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4.4.1. MAX-MIN Threshold Setting

In this experiment, 12 videos of YawDD drivers were chosen, including both male and
female drivers, as well as drivers with and without spectacles. The 12 videos of drivers
acquired in the driving environment were used as the basis for defining the MAX-MIN
threshold. These videos featured a lot of awake and exhausted phases.

Furthermore, the parameters undetected and false detections were established for
optimization in order to reduce the MAX-MIN threshold value’s error rate. False detection
is the opposite of undetected, which indicates that the system wrongly believes the driver is
fatigued even if they are not. Undetected refers to a situation when the driver is exhausted,
but the system is unable to detect it.

As demonstrated in Figure 10, the threshold value of EAR/EAR-MAX is 0.5, which
corresponds to the lowest false detection rate and failure rate of driver tiredness detection.
The lowest rates of false detection and non-detection of driver weariness occur when
MAR/MAR-MIN is 3 or 4. The mouth opens and shuts while driving much less frequently
than the eyes do. As a result, in the actual experiment, the mouth was more susceptible to
influence than the eyes. As a result, eye detection likewise has a much higher proportion of
false positives than mouth detection. The threshold value of EAR/EAR-MAX is set lower,
and the threshold value of MAR/MAR-MIN is set higher in order to reduce false detections
and missed detections in eye detection. When considered together, the threshold-setting
scheme is as follows:
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Figure 10. Wrong and missed detection experiments for different ratios: (a) shows the wrong and
missed detection images under the different EAR and EAR-MAX, and (b) shows the wrong and
missed detection images under different MAR and MAR-MIN.
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(1) The driver is in a fatigued driving state if the ratio of EAR/EAR-MAX is less
than 0.5.

(2) The motorist is deemed to be operating their vehicle while fatigued if the MAR/MAR-
MIN score is higher than 3.2.

Precision, recall, and F-score evaluation measures were utilized to gauge the MAX-
MIN algorithm’s superiority and confirm the scheme’s precision. The findings demonstrate
that the MAX-MIN algorithm used in this paper’s driver fatigue state detection has a
detection precision of 98.8%, a recall rate of 90.2%, and an F-score of 94.3%.

4.4.2. Fatigue Testing and Comparison Experiment

Two sets of comparison experiments were carried out in the same experimental envi-
ronment to fully demonstrate the effectiveness of MAX-MIN proposed in this paper: (1) the
first set of comparison experiments used EAR and MAR for driver fatigue detection; (2) the
second set of comparison experiments used the MAX-MIN algorithm to obtain the values
of EAR/EAR-MAX and MAR/MAR-MIN, respectively, and used the MAX-MIN values to
determine whether the driver is fatigued or not. The methods were tested on the same
dataset and evaluated in three ways: precision, recall, and F-score.

Figure 11 demonstrates the thresholds at which the values of EAR, EAR/EAR-MAX,
MAR, and MAR/MAR-MIN fluctuate when the driver is yawning or has closed their eyes.
This study can correctly identify the tired states of closed eyes and yawning, according to
the proposed algorithm.
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Figure 11. Comparison experiments between the conventional algorithm and the MAX-MIN algo-
rithm: (a) shows the fatigue state detection comparison between EAR and EAR/EAR-MAX, and
(b) shows the fatigue state detection comparison between MAR and MAR/MAR-MAX.

4.4.3. The MAX-MIN Algorithm Fatigue State Detection Experiments

As the test dataset for fatigue state detection, a self-made dataset (SBD) was used.
There were eight videos in the test data. The dataset contains four types of driver states:
eyes open, eyes closed, mouth open, and mouth closed. After processing the videos, a
total of 24,325 images were obtained. There were 3800 images with open eyes, 2264 images
with closed eyes, 12,046 images with open mouths, and 6215 images with closed mouths.
According to the 7:2:1 rule, the dataset was divided into three parts: training, testing, and
validation. Table 2 displays the results of the MAX-MIN algorithm test.
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Table 2. Precision of detection of different states based on MAX-MIN algorithm.

Gender Category Number The Precision of MAX-MIN Algorithm

Female

Eye Open 2032 98.7%
Eye Closed 1258 98.5%

Mouth Open 5862 99.0%
Mouth Closed 2684 98.6%

Male

Eye Open 1768 98.6%
Eye Closed 1006 98.7%

Mouth Open 6184 99.1%
Mouth Closed 3531 98.4%

4.5. Actual Scene Detection Experiment

Six healthy car drivers were also chosen to record roughly 8 min of driving videos in a
genuine driving environment for detection in order to confirm the efficacy of the MAX-MIN
algorithm developed in this work for driver fatigue state detection in realistic circumstances.
The drivers can be seen in the films conversing, yawning, and performing other real-life
activities. For the test, a simulated tiredness video lasting 30 s was chosen at random. In a
real-world scenario, Figure 12 shows the fatigue detection technique employing a single
EAR and MAR. Figure 13 shows the MAX-MIN proposed in this paper’s approach for
detecting driver weariness under comparable circumstances.
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Figure 12. The effect of the original detection method on the actual scene. (a) Female normal driving;
(b) Female driver yawning; (c) Female drivers close their eyes; (d) Male normal driving; (e) Male
driver yawning; (f) Male drivers close their eyes.

In this paper, testing was carried out using the open dataset YawDD and the custom-
built dataset SBF. Male and female test results were adopted, respectively. Table 3 displays
the comparative outcomes.
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Table 3. Performance metrics of the MAX-MIN algorithm for detection in YawDD and SBD datasets.

Dataset Gender Precision Recall F-Score

YawDD
Female 99.1% 89.7% 94.2%
Male 98.7% 90.2% 94.3%

SBD
Female 98.8% 90.3% 94.4%
Male 98.6% 90.6% 94.4%

Average 98.8% 90.2% 94.3%

The above table shows that the algorithm in this paper can accurately and quickly
determine the driver’s fatigue status. Table 4 shows the results of a comparison of the
MAX-MIN algorithm proposed in this paper with other algorithms.

Table 4. A comparison of our results with those in the literature.

Algorithm Precision Recall F-Score

3D head pose estimation [15] 98.19% 97.3% 97.74%
SVM + Adaboost [16] 85.28% NA NA
TCDCN + KNN [12] 95.1% NA NA

MTCNN + LSTM [17] 93% NA NA
3D-CNN + Attention [7] 95% 95% 95%

Proposed 98.8% 90.2% 94.3%

The experiments show that the proposed MAX-MIN algorithm outperforms other
algorithms in the literature. The precision of driver fatigue detection using the proposed
algorithm in this paper is 98.8%, the recall rate is 90.2%, and the F-score is 94.3%. The
results show that the algorithm proposed in this paper can accurately determine the driver’s
fatigue state.
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5. Conclusions

The goal of this paper was to investigate the method of detecting driver fatigue.
ShuffleNet V2K16 was used in conjunction with Dlib to locate feature points and compute
feature values for the driver’s face. By comparing the EAR and MAR of the first 100 frames,
the EAR-MAX and MAR-MIN values were calculated. The MAX-MIN algorithm was used
in this paper to calculate the feature points of the driver’s mouth and eyes. It was tested in
YawDD and on a dataset created by the author (SBD). The experiment’s precision was 98.8%,
its recall was 90.2%, and its F-score was 94.3%. The problem is that the thresholds cannot
be standardized due to individual differences in the size of the driver’s eyes and mouth.
To address the aforementioned issues, a MAX-MIN algorithm based on the features of the
eyes and mouth is proposed in this paper. It significantly improves the detection of driving
fatigue. Experiments show that the proposed algorithm can significantly improve driving
fatigue detection precision under a variety of driving conditions. We will concentrate our
future research efforts on the following areas:

(1) Carry out the aforementioned research on the car to further study the recognition
effect under similar night driving conditions;

(2) Investigate the improvement in the recognition effect under driver head
posture movement;

(3) Increase the experimental sample and the number of drivers in the dataset as well
as further research the impact of diverse driving environments on the detection of driver
fatigue. The MAX-MIN algorithm’s performance and applicability for real-world detection
will be improved.
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