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With the development of road traffic and the increasing popularity of vehicles, the number of road traffic accidents and deaths in countries around the world are also rising. According to the World Health Organization (WHO) factual report on road traffic injuries, about 1.35 million people dead in traffic accidents every year in the world, and the losses caused by road traffic accidents account for 3% of the gross domestic product of most countries [1]. As the world's largest car producer, China's car ownership and the number of car drivers have grown rapidly in recent years. According to data from the Traffic Management Bureau of the Ministry of Public Security of China, by the end of 2021, the number of cars in the country will reach 260 million, an increase of 8.83% compared with the end of 2020. Among them, the number of private cars reached 207 million, an average annual increase of 19.66 million in the past five years. The number of motor vehicle drivers in the country reached 435 million, of which 397 million were car drivers, accounting for 91.26% of the total number of drivers. The increase in the number of motor vehicles and the number of drivers makes the road driving environment more complicated, which increases the probability of traffic accidents to a certain extent. Meanwhile, according to the National Bureau of Statistics of the People's Republic of China, the total number of traffic accidents nationwide in 2021 will reach 244,900, an increase of 40,000 compared with 2020, and the losses caused by traffic accidents will reach 1.384 billion yuan [2]. How to ensure road traffic safety and reduce the number of traffic accidents is an urgent problem to be solved in social development.

The causes of road traffic accidents include subjective factors and objective factors. Subjective factors mainly refer to human factors, while objective factors include vehicles, roads, traffic and other factors. A large number of analytical studies have shown that human factors are the main cause of traffic accidents [3], including two types of dangerous driving behaviors: fatigue driving (drowsiness) and distracted driving (calling, texting, drinking, etc.). Fatigue driving refers to the phenomenon in which the driver's physical and psychological functions are disordered after driving for a long time, which leads to a decrease in concentration and judgment. According to statistics, more than 40% of serious traffic accidents are caused by fatigue driving in China every year. Distracted driving is a phenomenon in which the driver concentrates on activities unrelated to the operation of the vehicle, resulting in a decrease in driving ability. Relevant studies have shown that drivers are 2.8 times more likely to have a traffic accident by answering the phone while driving, and 23 times more likely to have a traffic accident by sending a message while driving. Distracted driving can also easily lead to aggravation of accidents. At the same time, statistics from the United Kingdom show that 70% of fatal traffic accidents are caused by drivers' inattention [4]. From these data, it can be seen that the prevention of driver's dangerous driving behavior (fatigue driving and distracted driving) is a problem that countries around the world need to focus on and solve.

In response to a large number of traffic accidents caused by dangerous driving behaviors, countries around the world have issued a series of laws and regulations to deal with them. However, the difficulty of law enforcement, the difficulty of obtaining evidence, and the high labor cost of supervision make it difficult to eliminate dangerous driving behaviors. If we can technically effectively monitor behaviors such as using mobile phones, drinking beverages, and dozing while driving, to ensure that behaviors can be detected and corrected in a timely manner, it will not only reduce the cost of dangerous driving supervision, but also greatly reduce the probability of traffic accidents. Due to the danger and high incidence of dangerous driving behaviors, scholars at home and abroad have proposed a variety of driving behavior monitoring technical solutions. Driving behavior monitoring based on driving data needs to install sensor equipment in the car. Due to the high cost of sensors, and this method is easily affected by road Due to the influence of the environment, it is difficult to put it into practical application; the driving behavior monitoring based on the driver's physiological signal needs to wear the physiological signal extraction device on the driver's body. In addition to the disadvantages of the device itself being expensive and bulky, it also affects The driver's driving operation is less practical. And driving behavior monitoring based on computer vision has increasingly become mainstream due to its non-contact and low-cost characteristics [5].

Traditional computer vision-based dangerous driving behavior monitoring methods mainly include fatigue driving behavior monitoring based on driver facial features and distracted driving behavior monitoring based on driver body posture features. However, most of the dangerous driving behaviors detected by these methods rely on manually extracted texture or shape features, which cannot take into account the accuracy and real-time requirements of driving behavior monitoring at the same time, and have certain limitations in practical applications. In response to this problem, I decided to use deep learning technology, combined with target detection and behavior recognition methods, and use video data as input to realize the driver's distracted driving behavior (using mobile phones, drinking drinks while driving) and fatigue driving behavior (dozing off). ) real-time comprehensive monitoring, thereby reducing the probability of road traffic accidents and improving drivers’ awareness of safe driving.


[bookmark: _Toc99466121]2. Research status

At present, the methods for monitoring driver distraction and fatigue driving behavior at home and abroad are mainly divided into four categories, namely driving behavior monitoring based on driving data, driving behavior monitoring based on physiological signals, driving behavior monitoring based on image processing, and depth-based driving behavior monitoring. Learning to monitor driving behavior.

[bookmark: _Toc99466122](1) Driving behavior monitoring based on driving data
The driving behavior monitoring technology based on driving data mainly monitors the driving behavior of the driver by analyzing the driving data collected by the vehicle sensors (including vehicle speed, steering wheel angle, vehicle horizontal and vertical displacement, etc.). Kountouriotis et al. [6] compared and analyzed the changes in the driving behavior of drivers in normal driving and distracted driving states, and found that the steering acceleration and steering entropy increased significantly during distracted driving. Saifuzzaman et al. [7] used generalized estimating equations to model the driver's forward time and found that while driving, the vehicle traveling on a phone would travel more slowly, and the variability of the car's acceleration and deceleration increased. Wang et al. [8] combined the lateral and longitudinal acceleration of the vehicle and the steering angle of the steering wheel at different time points, and used the random forest algorithm to monitor the fatigue driving. After comparing the above indicators separately, it was found that the lateral acceleration is the most effective for fatigue driving detection. index. Chu Wenhui et al. [9] analyzed and compared the changes of steering wheel angle during fatigue driving and normal driving, and found that the driver's inertia in adjusting the steering wheel angle increases in fatigue state. Luo Yi et al. [10] analyzed the driving behavior of the driver during normal driving and distracted driving when changing lanes through driving simulation tests, and found that distracted driving affects the horizontal and vertical speed, accelerator opening, Driving performance parameters such as steering wheel speed have a significant impact. Li Chen [11] used the ReliefF algorithm to screen out the features with greater importance, such as the average vehicle speed, the standard deviation of lateral acceleration, and the dispersion of the following distance from the driving behavior characteristic indicators, as driver distraction discrimination indicators, and established a combination of random forest based Distraction discriminant model, and achieved better discriminant results.


[bookmark: _Toc99466123](2) Driving behavior monitoring based on physiological signals
The driving behavior monitoring technology based on physiological signals mainly collects physiological signal data related to people's distraction state and fatigue state, such as EEG, ECG, OMG, EMG, by wearing a physiological signal acquisition device for the driver. and other information, and use machine learning methods to analyze the data to realize driving behavior monitoring. Wörle et al. [12] analyzed and compared the electromyography, electrodermal activity (EDA), respiratory rate and electrocardiogram (ECG) of drivers under normal driving and fatigued driving conditions. A state of fatigue has a great effect. Xu et al. [13] used wavelet packet decomposition and sample entropy algorithm to analyze the EEG signals of drivers in awake and fatigued states. The experimental results show that the relative energy of the wavelet is higher and the relative energy of the wave is lower in the fatigued state than in the awake state. Chu et al. [14] monitored and analyzed the changes of the EEG signal during the driver's distracted driving, and found that the EEG, , and other EEGs were significantly related to the driver's distracted state. Shi Xiangyun [15] analyzed the ECG data of the driver for a long time, obtained the ECG time-frequency domain indicators of the driver, and proposed a fatigue driving monitoring algorithm based on the multi-index fusion theory to judge whether the driver is in a fatigue state. Xie Ping et al. [16] extracted and fused the EEG, ECG and EMG signal features of drivers during driving, and proposed a driving fatigue assessment method based on multi-feature fusion and transfer learning of physiological signals. Xu Wenxiang et al. [17] studied the ECG response of distracted driving based on sample entropy by analyzing the heart rate and ECG variability of drivers during distracted driving. Demonstrate changes in ECG during distracted driving.

[bookmark: _Toc99466124](3) Driving behavior monitoring based on image processing
The driving behavior monitoring technology based on image processing mainly uses image processing and traditional machine learning methods to extract the driver's facial features or body posture features collected by the vehicle camera to monitor the driver's driving behavior. Singh et al. [18] locate the approximate position of the eyes according to the geometric distribution of the driver's facial features, and use binarization processing and two filtering to obtain the binarized image of the eyebrows and eyes, and calculate the pixel points of the eyebrows and eyes by calculating the pixel points of the eyebrows and eyes. To judge the opening and closing state of the eyes, and then realize the detection of fatigue state. Knapik et al. [19] proposed a yawn detection technology based on thermal imaging, which first completed facial alignment through eye corner detection, and then used average temperature analysis to achieve yawn detection, and then judged the driver's fatigue state, which can be used during the day and night. A good detection effect is obtained. Billah et al. [20] detected and tracked the driver's baseline body parts through driver video data extracted from on-board cameras, represented the driver's action features according to the relative distance between the tracked trajectories, and utilized the body part features extracted by KSVM. to identify the driver's distracted driving behavior. Pan Zhigeng et al. [21] used the Adaboost algorithm for face detection, and segmented the human eye area according to the distribution characteristics of the "three courts and five eyes" of the face. The fuzzy comprehensive evaluation algorithm is used to determine the opening and closing state of the eyes, and the driver's fatigue state is detected according to the PERCLOS principle. Zhao Minhui [22] proposed a driving gesture recognition method based on local DPM fusion features. First, the core area of ​​the driver's driving posture was detected, then a DPM score model was constructed and local DPM fusion features were extracted. Finally, the RBF kernel support vector was used. The machine implements driving posture classification and detects distracted driving behaviors. Kuang Wenteng et al. [23] established a Gaussian eye white segmentation model based on the YCbCr color space by using the good clustering properties of eye whites on Cb-Cr, and used this model to segment the eye whites in the image of the face area. As an index of human eye opening, combined with PERCLOS to judge the driver's fatigue state.

[bookmark: _Toc99466125](4) Driving behavior monitoring based on deep learning
The driving behavior monitoring technology based on deep learning is mainly divided into two categories. The first category is to use the spatial features of the driver image extracted by the deep convolutional neural network model to realize the classification of the driver's driving behavior. Tran et al. [24] analyzed and compared the performance of four deep convolutional neural networks, AlexNet, GoogleNet, VGG-16 and ResNet, in the distracted driving task. The experimental results show that GoogleNet has the best detection effect. Eraqi et al. [25] used various deep convolutional neural networks to train driver original images, skin segmentation images, face images, hand images and combined hand-face images, and then used a genetic algorithm to evaluate the weighted sum of all network outputs to achieve Detection of distracted driving. Liang Zhaode [5] designed a 10-layer convolutional neural network, reused the parameters of the Openface network model, and applied the PERCLOS criterion to the training of the convolutional neural network to realize the extraction and recognition of driver fatigue features. Liu Keke [26] used the ToF camera to obtain the depth image of the driver's posture, and designed a LeNet-based deep convolutional neural network to extract the image hierarchy features, realize the recognition of the driver's joint points, and then judge the driver's driving behavior.

The second category is to build a deep learning-based behavior recognition model (such as TSN, C3D, LRCN, etc.), and combine the spatial features extracted by the spatial feature extraction network in the behavior recognition network with the temporal features extracted by the temporal feature extraction network to identify the driver's driving. behavior. Ma et al. [27] used Kinect to construct a deep video dataset of fatigued driving, and proposed a two-stream convolutional neural network-based fatigue driving detection model. The detection model fused the spatial features of the current depth image frame and the adjacent neighbors represented by motion vectors. The temporal features of depth image frames enable the recognition of driver fatigue driving behavior. Two years later, Ma et al. [28] proposed an infrared video fatigue detection model based on a three-stream convolutional neural network. The detection model integrates the spatial information of the current infrared image frame, the short-term temporal information of adjacent infrared image frames based on optical flow, and the temporal information of historical images based on optical flow motion into the infrared video sequence to evaluate the driver's fatigue state. Wu Hao [29] proposed a driver upper body gesture recognition model based on long-term recurrent neural network (LRCN), which combined convolutional neural network and gated recurrent unit to construct a complete driver upper body gesture recognition model. model to monitor dangerous driving behaviors. According to the driver's fatigue detection requirements, Liang Xiaoyu [30] constructed the temporal space of the facial state with the driver's head center point displacement and eye state as the basic dimensions, combined with the context information in the fatigue sequence, and proposed a convolution-based Fatigue driving detection methods using neural networks and recurrent neural networks.


[bookmark: _Toc99466126]3. Innovations and Difficulties

Based on a comprehensive analysis of the current research status at home and abroad, the main problems of the current distracted and fatigued driving behavior monitoring methods are as follows:
(1) The driving behavior monitoring method based on driving data requires the installation of driving data acquisition sensors on the vehicle, which is costly. Moreover, the recognition accuracy of this method will be affected by factors such as driving environment, vehicle type, and vehicle characteristics. In practical applications, misjudgment may lead to serious traffic accidents.

(2) The driving behavior monitoring method based on physiological signals can intuitively reflect the driver's distraction and fatigue state, but this method is intrusive and requires the driver to wear various physiological signal extraction devices, which will affect the driver. have a greater impact on normal driving behavior. Besides, the high cost of the signal extraction device also makes this method difficult to put into practical application.

(3) Compared with the first two methods, the driving behavior monitoring method based on image processing has great advantages in practicality and recognition cost. However, when the method obtains the driver's face information, it will be affected by the external environment such as complex lighting conditions, and there are certain limitations in its use. Moreover, these methods mostly rely on manually extracted texture or shape features when extracting driver image features, and their recognition accuracy also depends on these extracted features, and selecting effective discriminative features often requires a certain amount of time and experience.

(4) There are two types of driving behavior monitoring methods based on deep learning. In the first category, when using a deep convolutional neural network model to achieve driving behavior classification, in order to ensure the classification accuracy, a neural network with a deep network layer and a large number of parameters is often used to extract the image features of the driver. However, with the increase of the parameters of the network model, the computational overhead will also increase, which will slow down the classification speed and seriously affect the real-time performance of the model. The second type, the problem of the behavior recognition model based on deep learning in realizing driving behavior recognition is that the dual-stream convolutional neural network behavior recognition model needs a lot of time to calculate the optical flow graph, which is difficult to ensure the practicability of the algorithm; the three-dimensional convolutional neural network During training, a large amount of data is required to prevent overfitting. If the amount of data does not meet the requirements, the recognition accuracy will be greatly reduced.
Aiming at the above problems, deep learning technology is adopted, aiming at weighing the practicability and recognition accuracy of driving behavior recognition to achieve fast and accurate monitoring of driver distraction and fatigue driving behavior.

[bookmark: _Toc99466127]4. Research objectives
The purpose is to reduce the probability of road traffic accidents and reduce safety hazards in the driving environment. Combined with deep learning target detection and behavior recognition methods, effective monitoring and real-time early warning of driver distraction and fatigue driving behavior are realized. The main research contents are as follows:

[bookmark: _Toc99466128](1) Research on distracted driving behavior detection method based on improved SSD
For the task of distracted driving behavior detection, the current mainstream target detection algorithm is firstly analyzed, and the algorithm is improved according to the characteristics of driver's distracted driving behavior. Aiming at the problem of missed detection caused by the serious occlusion of small targets such as mobile phones and cups when the driver is making a phone call or drinking a drink, the research uses the receptive field module to enhance the feature extraction ability of the low-level feature map of the target detection model and improve the model's detection of small targets. Effect. Aiming at the problem that the target detection model cannot make full use of the semantic features of high-level feature maps and the detailed features of low-level feature maps, an adaptive spatial feature fusion method is studied to achieve the optimal fusion of feature maps of different layers and improve the detection performance of the model. Aiming at the problem that the default frame aspect ratio is not applicable, the k-means clustering algorithm is studied to cluster and optimize the default frame ratio of the target detection model.

[bookmark: _Toc99466129](2) Research on spatial and temporal feature extraction method of fatigue driving video
For the task of fatigue driving state recognition, the advantages and disadvantages of the current mainstream behavior recognition algorithms are firstly analyzed, and the behavior recognition algorithm based on convolutional neural network and long short-term memory network is studied. In order to improve the recognition accuracy and real-time performance of the behavior recognition algorithm and reduce the computational cost of the algorithm, the research uses the lightweight convolutional neural network MobileNetV3 as the spatial feature extraction network to extract the spatial dimension information of the video frame, and uses the long short-term memory network (LSTM) to extract the spatial dimension information of the video frame. A variant of the structure Gated Recurrent Unit (GRU) as a temporal feature extraction network extracts the temporal dimension information of a sequence of video frames. A spatiotemporal network model is constructed by combining the spatial feature extraction network and the temporal feature extraction network, so as to realize the accurate identification of the driver's fatigue state.

[bookmark: _Toc99466130](3) Research on Deep Learning Attention Mechanism
In order to improve the recognition accuracy of the driver's fatigue driving state, the research introduces the visual attention mechanism into the spatiotemporal network model, and re-weights the features through the learning method of forward propagation and backward feedback, so that the spatiotemporal network model can focus on important features. And suppress unimportant features, thereby improving the information processing ability of the model. In deep learning algorithms, the attention mechanism can be analogized to the pooling operation. Pooling can be regarded as a special average weighted attention mechanism, while the attention mechanism can be regarded as a general pool with a preference for input allocation. method. According to this idea, the research adopts the method of attention weighted pooling to introduce the attention mechanism in the spatiotemporal network model.
(4) Comprehensive evaluation of dangerous driving behavior and graded early warning
In order to realize the comprehensive evaluation and graded early warning of dangerous driving behaviors, firstly, a dangerous driving behavior recognition model is constructed by combining the distracted driving behavior detection algorithm and the fatigue driving state recognition algorithm. Then, based on the dangerous driving categories identified by the model, the comprehensive evaluation indexes of dangerous driving behaviors are summarized, and the weights are assigned to these indexes by using AHP. Then, a comprehensive evaluation model of dangerous driving behavior is constructed based on the Mamdani-type inference system, and the comprehensive evaluation results are tested. Finally, the dangerous driving behavior recognition model and other literature algorithms are tested on the dangerous driving behavior data set, and the advantages and disadvantages of this model in recognition accuracy and speed are analyzed and summarized. process.

[bookmark: _Toc99466131]5. Research methods
Fatigue driving is a common and easily overlooked dangerous driving behavior. There are many factors that cause fatigue driving, including lack of sleep, continuous driving for more than 4 hours, and poor air circulation in the cab. Fatigue driving will reduce the driver's judgment ability, slow the response, and increase the misoperation, thereby increasing the probability of traffic accidents. When mildly fatigued, the driver may not shift gears in time; when moderately fatigued, the driver operates sluggishly; when severely fatigued, the driver is in a trance and even sleeps for a short time. Therefore, it is necessary to realize the accurate identification of the driver's fatigue driving state, to provide real-time and effective early warning when the driver is fatigued, and to reduce the occurrence of traffic accidents caused by fatigued driving. Driver fatigue driving is generally manifested as increased blinking frequency, decreased eye opening and closing, yawning and so on. The fatigue driving state recognition in this paper mainly judges the driver's fatigue state by identifying the yawning behavior.

Analysis of Deep Learning Behavior Recognition Algorithms
Action recognition is a challenging subject in the field of computer vision, because it not only needs to analyze the spatial information of the target object, but also needs to analyze the information in the temporal dimension. How to better extract spatial and temporal features is the key to the problem. Human action recognition based on computer vision is to add specific action labels to videos containing human actions to realize the classification of human actions. In recent years, with the rapid development of video capture sensors and computer technology, behavior recognition technology has made significant progress in video surveillance, human-computer interaction, and security precautions. Traditional human behavior recognition includes three processes: feature extraction, feature encoding and feature classification. Feature extraction refers to extracting features from the spatial dimension of each frame of the video and the temporal dimension of the video itself. Feature coding is to improve the distinguishing ability of features and reduce the computational load of behavior recognition. Feature classification is to use traditional classifiers such as KNN and SVM to classify the encoded features, or use generative models (such as HMM) and discriminative models (such as CRF) to classify and judge, and then obtain the final recognition result. With the continuous development of deep learning in the field of image recognition, more and more researchers have focused on how to use deep learning technology to improve the effect of video behavior recognition. At present, the mainstream deep learning behavior recognition methods are mainly divided into three categories, namely two-stream method (Two-Stream), behavior recognition based on three-dimensional convolutional neural network, and behavior recognition based on CNN-LSTM.

[bookmark: _Toc99466132](1) Two-Stream method
Two-stream method is a major direction of deep learning behavior recognition. It was first proposed by Simonyan et al. [31] at the 2014 NIPS conference. As shown in Figure 5-1, the dual-stream network consists of two deep convolutional neural networks. The spatial convolutional neural network in the upper layer takes a single frame of RGB image as input to process spatial dimension information; the temporal convolutional neural network in the lower layer uses multiple frames as input. The density optical flow field is used as input to process the temporal dimension information, and finally the two models are jointly trained by the multi-task training method.


Figure 5-1 Dual-stream network structure diagram

An important concept in the two-stream network model is optical flow. Optical flow is composed of some displacement vector fields. The displacement vector of the t-th frame is represented by the t-th and t+1-th frame images. It contains two parts, horizontal and vertical, as shown in Figure 5-2. Figures (a) and (b) represent two consecutive frames of images, Figure (c) represents the optical flow, and Figures (d) and (e) represent the displacement vector, respectively. The horizontal and vertical parts of the field. If a video has frames, a total of 1 channel optical flow can be obtained, and these optical flows will be used as the input of the temporal convolutional neural network to extract the temporal features of the video.

[image: 3-5]
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Figure 5-2 Optical flow diagram

[bookmark: _Toc99466133](2) Three-dimensional convolutional neural network model
The three-dimensional convolutional neural network model is another mainstream method besides the two-stream method. Its behavior recognition effect is slightly worse than that of the two-stream method, but it is still a hot spot of current research. The main reason is that this method is faster than the two-stream method. It is much faster, and it is end-to-end training, and the network structure is more concise. Usually, 2D-CNN is used to operate the video. Generally, CNN is used to identify each frame of the video. This identification method only calculates the features from the spatial dimension and does not consider the inter-frame motion information of the temporal dimension. 3D-CNN can capture the temporal and spatial features of video very well. As shown in Figure 5-3, it combines multiple consecutive video frames into a cube, and applies a three-dimensional convolution kernel on the cube, so that the The feature map is then connected to multiple adjacent frames in the previous layer to capture motion information.
[image: 3-6]
Figure 5-3 Principle of 3D Convolutional Neural Network

The three-dimensional convolutional neural network C3D was proposed by Tran et al. [32] in 2015. Its network structure is shown in Figure 5-4. The convolution kernel size of the convolution operation in the figure is 1, and the stride is 1. The pooling kernel size of Pool1 is , and the pooling kernel size of Pool2~Pool5 is . The input of this network is, where is the image size, 16 is the number of image frames, and 3 is the number of RGB channels.
[image: 3-7]
Figure 5-4 C3D network structure

[bookmark: _Toc99466134](3) Behavior recognition model based on CNN-LSTM
The key to the task of behavior recognition lies in the learning and understanding of time series features in videos. In deep learning, long short-term memory network (LSTM) is suitable for processing and predicting important events with long intervals and delays in time series. Therefore, many scholars will The convolutional neural network is combined with the long-term and short-term memory network. First, the convolutional neural network is used to extract the spatial dimension information of the image frame, and then the long-term and short-term memory network is used to capture the temporal dimension information of the video frame, so as to realize the recognition of actions. Its model structure is shown in Figure 5-5.
[image: 图片1]

Figure 5-5 CNN-LSTM behavior recognition model

Comprehensively analyzing the above three types of deep learning behavior recognition algorithms, the two-stream method based on two-dimensional convolutional neural network has great advantages in recognition accuracy, but its extraction of optical flow will cost a lot in time and space. It does not meet the real-time requirements of the fatigue driving state recognition task; the C3D network model based on the three-dimensional convolutional neural network can capture temporal and spatial features at the same time, and can process multiple frames of images at a time, which improves the behavior recognition speed. However, due to the large amount of parameters of the three-dimensional convolution, the computational overhead is large, a large amount of data is required for training, the hardware performance requirements are also higher, and its recognition accuracy is slightly lower than that of the two-stream method, so this method is not applicable. For this recognition task; the recognition method based on the CNN-LSTM network model can well use the time correlation of adjacent frames to model the time series features of human behavior in the video, but if the selected feature extraction network model parameters are too large , it will have a certain impact on the recognition speed, and then affect the real-time performance of behavior recognition. At the same time, due to the relatively complex internal structure of LSTM and many parameters, it has problems such as high computational overhead and low training efficiency. Therefore, in order to meet the recognition accuracy and real-time requirements of the fatigue driving state recognition task and reduce the computational overhead of the network model, this paper uses a lightweight CNN to extract image space features, and uses the variant model of LSTM to gate the recurrent unit (GRU). [33] modeled the time-series features of video data to improve the recognition speed on the premise of ensuring recognition accuracy.
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