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Driving fatigue detection based on pseudo 3D convolutional

neural network and attention mechanisms

Zhuang Yuan, Qi Yong
School of Computer Science and Engineering, Nanjing University of Science and Technology, Nanjing 210094, China

Abstract: Objective Fatigue driving is one of the main causes of traffic accidents. Drivers in fatigue state will have
reduced alertness, weakened ability to deal with abnormal events, and inability to react traffic control and dangerous events,
which will lead to accidents. The current technology for detecting fatigue driving behavior can be divided into three methods
based on physiological parameters, vehicle behavior, and facial feature analysis. Detection methods based on physiological

parameters require various sensors. These sensors use physiological signals to detect the driver’ s drowsiness, but they need
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contact with the driver’ s body, rely on expensive equipment, and are invasive. Detection methods based on vehicle behav-
ior use vehicle behavior parameters, such as lane departure detection, steering wheel angle, and yaw angle information, to
detect driving fatigue behavior, but they also depend on external factors such as road conditions. Detection methods based
on facial feature analysis need to extract feature points from the driver’s facial features and compare the driver’s perform-
ance in fatigue or normal conditions by detecting fatigue behavior characteristics such as eye state, blinking, and yawning.
Compared with the two earlier methods, this method has the advantages of noninvasiveness and easy implementation. In
several current methods, spatiotemporal features cannot be well integrated, and interference of background and noise on
recognition is not removed. This paper proposes a driving fatigue detection method based on pseudo 3D (P3D) convolutional
neural network (CNN) and attention mechanism to solve these problems. Method The dataset is cropped into small videos
of around 5 s each. The training video data interval is 90 video frames, and the picture resolution is set to 80 x 80 x 3.
First, the feature map of each frame is fully extracted through the P3D module to generate a fixed-size feature set. Second,
the P3D structure uses a 1 x3 X3 convolution kernel and a 3 x1 x1 convolution kernel to simulate 3 X3 x 3 convolution in
the spatial and time domains, decoupling3 x3 x 3 convolutions in time and space. Based on the feature that P3D decouples
3 x3 x3 convolutions in time and space, a module named P3D-Attention is proposed. The 3D convolutional neural network
and attention mechanism are integrated to improve the correlation of important channel features, increase the global correla-
tion of feature graphs, and remove the interference of background and noise on recognition by translating 3D temporal and
spatial features into 2D features and embedding them in the dual-channel and spatial attention modules. The dual-channel
attention module is used to apply attention on video frames and channels of each frame, which removes the interference of
background and noise on recognition. For driving scenarios, this paper selects convolution kernels of different sizes to adapt
to convolution features of different depths and uses the adaptive spatial attention module to make the model training converge
faster and better. Afterward, 2D global average pooling layer is used instead of 3D global average pooling layer to obtain

more expressive features, improving network convergence speed. Finally, the softmax classification layer is used for classi-

fication. Result A comparative test is performed on the public dataset a yawning detection dataset ( YawDD) . The
detection accuracy of the method in this paper reaches 98.75% , and the recall rate of the yawning category reaches 100%

On the University of Texas at Arlington real-life drowsiness dataset (UTA-RLDD), the Fl-score detection accuracy of the
method in this paper reaches 99. 64% on the test set, and the recall rate reaches 100% in the drowsy category. In terms of
running time and model size, experimental results show that compared with the long short-term memory (LSTM) fusion
method using ImageNet-trained Inception_v3 model, the algorithm in this paper has evident advantages in terms of running
time and predicts that a 5 s video will take 660 ms on average, which is 11% of it. In terms of the size of the unpruned
model, the method of Inception-v3 plus LSTM has 396. 15 MB, and the model size in this paper is 42.5 MB, which is
1/9 of it. Conclusion A driving fatigue detection method based on P3D convolutional neural network and attention mecha-
nism is proposed. Attention mechanisms are used to remove background and noise from recognition interference, improve
the accuracy of driving fatigue detection, distinguish yawning behavior from mouth opening and mouth closing behaviors such
as talking, and analyze yawning behavior, blinking, and head characteristic movements. The further work of this paper will
1) verify whether features can be extracted through a smaller network structure, design a more efficient network structure,
and further reduce the size of the model. 2) Future work will also focus on using 3D convolution to distinguish more compli-
cated driving behaviors because distracted driving behavior not only needs to focus on predicting the driver’s fatigue status.

Key words: 3D convolutional neural network (CNN) ; pseudo-3D (P3D) convolutional ; global average pooling; attention

mechanisms; fatigue driving
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Fig.2 The modular structure of channel attention
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Fig.3 The modular structure of spatial attention
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Fig.4 The structure of P3D-Attention( (a) P3D-Attention-A ; (b) P3D-Attention-B; (c¢) P3D-Attention-C)
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YawDD ( a yawning detection dataset) ( Abtahi 4§,
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2 FORTT AR BLIR R 3 FoR T A RHTIR ) |
2.1.2 UTA-RLDD

UTA-RLDD ( University of Texas at Arlington
real-life drowsiness dataset) ( Ghoddoosian 45,2019 )
FEALE 60 4421 I KAV AL B SRR AR 82
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Table 1 Number of videos in the cropped YawDD

An EE FIER
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Table 2 Number of videos in the cropped UTA-RLDD
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Fig.5 A line graph of F1-scores for

training sets and test sets
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Table 3 Test results of the model on YawDD
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P 1 0.997 4 1
F1 0.998 1 0.998 7 1
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Table 4 Test results of the model on UTA-RLDD
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Table 5 Test results of different models
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Fig. 6 Feature comparison diagram after attention mechanism processing
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Fig.7 Comparison of F1 score in training

sets of different attention modules
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Fig.8 Comparison of F1-score of the training set for the
global average pooling layer of different dimensions
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