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Abstract: Today, fatalities, physical injuries, and significant economic losses occur due to car accidents. Among the leading causes of car accidents is drowsiness behind the wheel, which can affect any driver. Drowsiness and sleepiness often have associated indicators that researchers can use to identify and promptly warn drowsy drivers to avoid potential accidents. This paper proposes a spatiotemporal model for monitoring drowsiness visual indicators from videos. This model depends on integrating a 3D convolutional neural network (3D-CNN) and long short-term memory (LSTM). The 3DCNN-LSTM can analyze long sequences by applying the 3D-CNN to extract spatiotemporal features within adjacent frames. The learned features are then used as the input of the LSTM component for modeling high-level temporal features. In addition, we investigate how the training of the proposed model can be affected by changing the position of the batch normalization (BN) layers in the 3D-CNN units. The BN layer is examined in two different placement settings: before the non-linear activation function and after the non-linear activation function. The study was conducted on two publicly available drowsy drivers datasets named 3MDAD and YawDD. 3MDAD is mainly composed of two synchronized datasets recorded from the frontal and side views of the drivers. We show that the position of the BN layers increases the convergence speed and reduces overfitting on one dataset but not the other. As a result, the model achieves a test detection accuracy of 96%, 93%, and 90% on YawDD, Side-3MDAD, and Front-3MDAD, respectively.
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1  Introduction

According to the World Health Organization (WHO) statistics [1], every 24 s, someone dies on the road. By 2030, WHO [2] predicts that road traffic injuries will become the seventh leading cause of death across all age groups. Several studies and statistics emphasize that drowsy driving is among the most critical scenarios for road accident causes. In 2019, the American Automobile Association (AAA) [3] reported that around 24% of drivers admitted to driving at least once in the last month while being so exhausted that they had a hard time keeping their eyes open. The ''Fatigue'' report from the European Commission [4] asserts that driver drowsiness is the main factor in 20% of road accidents. This report also indicates that when drivers' vigilance level decreases, they face a significant drop in their ability to respond to unexpected occurrences, and increasing the risk of accidents.

Drowsiness is used interchangeably with the terms fatigue and sleepiness in the corresponding literature and this work. Drowsiness or sleepiness [5] is a state of the neurological desire for sleep, the usual state preceding falling asleep. Fatigue is a feeling of tiredness that decreases the physical performance of the muscles, and it can cause drowsiness. Although their causes are different, the effects of drowsiness and fatigue are very similar in their ability to decrease physical and mental performance. Both are dangerous when experienced while performing tasks that require concentration, such as driving, performing surgery and examinations, and so on. Lack of sleep, long work hours, boring driving conditions, and environmental factors can all contribute to experiencing drowsiness and fatigue while driving [6].

There is an increasing interest in building intelligent in-vehicle systems, called Driver Assistance System (DAS) [7], that analyze drivers' behaviors on the road to avoid accidents and increase road safety. One of the leading research subjects in DAS, called Driver Drowsiness Detection (DDD) systems, involves detecting the symptoms of drowsiness in drivers as early as possible and alerting the driver to take proper action before they fall asleep. Typically, sleepiness does not come on instantly but is generally preceded by noticeable signs, including [6,8]:
•   Physiological-based signs.

•   Vehicular-based signs.

•   Behavioral-based signs.

DDD systems are designed to identify sleepiness indicators based on one or more of these signs. Physical signs such as pulse rate, heart rate, breathing rate, and body temperature are obtained through intrusive sensors connected to the drivers' bodies that may be distracting and uncomfortable. For the vehicular-based signs, sensors connected to vehicle parts analyze various measurements, including lane departure, steering wheel movements, braking patterns, etc. Finally, for behavioral signs, the behavioral measures are non-invasive measures that depend on cameras and computer vision techniques to extract behavioral features such as eye closure ratio, eye blinking, head position, facial expressions, and yawning [8]. Tab. 1 shows the advantages and limitations of all the three measures approaches.
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Over the past century, attention to vision-based DDD systems has dramatically increased due to their higher reliability, availability, and affordability. However, due to the difficulties in identifying and the large variety of drowsy behaviors, most of the reviewed systems are not applicable to real-life scenarios. A major challenge in this domain is that a reliable DDD system must work effectively across various conditions that can affect the video quality, such as occlusion, illumination, severe weather, and bumpy roads [9].

The research accomplished in this paper is within the field of monitoring the drivers' visual behaviors from a video to detect drowsiness, using computer vision and deep learning-based approaches. The four main contributions of this paper are:
•   Propose a driver drowsiness detection model that combines a lightweight 3D convolutional neural network (3D-CNN) with a single layer long short-term memory (LSTM).

•   Use the 3MDD dataset [10,11], a new challenging yet representative dataset, to train and test the proposed system for the first time.

•   Train the proposed models with a small frames size (60 × 60) and achieve high accuracy.

•   Study the effect of changing the position of the batch normalization (BN) layers in the 3D-CNN units on the convergence speed.

The rest of this paper is structured as follows: Section 2 shows an overview of the related works. In Section 3, the proposed model is explained. Section 4 contains a description of the utilized datasets. The performance evaluation metrics, experimental results, comparisons with other state-of-the-art studies, and the limitations of the proposed model are presented in Section 5. Finally, section concludes the study with future research directions.

2  Related Works

There have been numerous recent efforts in behavioral-based DDD systems utilizing a variety of computer vision, and deep learning techniques have been made. These methods typically rely on different vision sensors to extract various indicators used separately or integrated to recognize driver fatigue. For example, drivers' frequent yawning, sudden changes in head positioning (nodding), prolonged eye closure, or quick blinking are common drowsiness indicators. In the following, we review two categories of deep learning algorithms for driver fatigue detection, image-based systems, and spatiotemporal-based systems (see Fig. 1).
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Figure 1: Related works categories

2.1 Image-Based Systems

Convolutional Neural Network (CNN) has consistently proven its tremendous success in image classification, detection, and retrieval tasks. Therefore, many researchers have stimulated the utilization of CNN to classify the actions in videos. The general idea is to treat a video clip as a collection of frames and then recognize the driving behaviors for each frame by modeling frames independently. Finally, frame-level categories are averaged into the video-level category [12]. However, because they ignore the temporal features of the drowsiness behaviors, these systems are hard to be considered reliable driver fatigue detection systems for real-life scenarios.

Among the efforts on image-based driver drowsiness detection, the work of Kassem et al. [13] proposed a yawning-based fatigue detection system that aggregated frame-level CNN outputs into three drowsiness levels based on the number of yawns per minute: alert, early fatigue, and fatigue. By classifying each frame as yawning or not. If the drivers are not yawning, the model considers them awake, whereas early fatigue is detected when they yawn once in a minute. The model finds drivers fatigued if they yawn more than once in a minute. Also, Ciganek et al. [14] proposed a CNN to recognize each frame state separately, whether the driver is awake or drowsy. Next, after approximately one second, the average of the 20 last frames is evaluated as drowsy or awake. To train the model, the authors built a dataset of a total of 20 participants. Each participant has eight different behavioral patterns recorded for about five seconds in two categories awake and sleepy.

Other recent attempts used image-based analysis to identify drivers' sleepiness levels employed the condition of the eyes as a visual signal. Kongcharoenet et al. [15] built a straightforward framework with CNN to classify the images of drivers depending on the status of the eyes, open or closed, with 94% accuracy. When the drivers closed their eyes for more than two seconds, it generated an alert to wake them up. Similarly, Pawar et al. [16] built a real-time DDD system to alert the driver if the eyes are closed for more than five seconds using three datasets called CEW, MRL, and Kaggle for open and closed eyes images. The authors successfully simulated the system for real-time testing using a laptop webcam and achieved a detection accuracy of 98.64%. Also, Pinto et al. [17] proposed their DDD system using the CEW dataset with 93.3% accuracy. A CNN is used to analyze the state of the eye after detecting the driver's face by the Histogram of Oriented Gradients(HOG) algorithm. The system stores the classification result for the past 20 frames in a buffer and then checks how many adjacent frames the CNN classified as closed eyes. If at least ten continuous values are in the buffer, it alarms the driver. However, because these simple conditions cannot detect most real-life scenarios of drowsiness, these systems cannot be considered reliable DDD systems.

Several researchers have devised hybrid approaches for DDD systems that integrate two or more facial features. Savas et al. [18] present a DDD system where the drowsiness is judged using a multi-feature fusion judgment algorithm depending on threshold values of the percentage of eyelid closure over the pupil over time(PERCLOS) parameters and the frequency of open mouth (FOM). The PERCLOS formula measures the ratio between closed eye frames (n) and the total number of frames in a unit of time (N) as 
nN
× 100. When PERCLOS reaches a particular value, it can be assumed that the driver has closed eyes for a long time and is therefore in a drowsiness state. Similarly, the FOM parameter is defined as the ratio of open mouth frames (n) to the total number of frames in unit time (N) using the formula: FOM = 
nN
× 100.

2.2 Spatiotemporal-Based Systems

Recently, significant improvements in spatiotemporal feature representations have been introduced for action recognition. As a result, several studies have attempted to build a driver drowsiness system based on deep spatiotemporal models that can learn to analyze the temporal features in an end-to-end manner. To enhance the performance of DDD systems, such as differentiating yawning from talking. A high-level overview of the main three stages for spatiotemporal-based systems using DL is shown in Fig. 2, with the most common type of strategies used in each step.

[image: images]

Figure 2: An overview of DDD system process using spatiotemporal DL models

Some studies have devised a driver drowsiness detection system by combining CNN with LSTM. The CNN extracts spatial features from individual frames, and the LSTM network analyzes the temporal features of driver actions between the adjacent frames. For example, some authors attempted to employ this CNN-LSTM network to build a DDD system depending only on the analysis of yawning features [19–21]. Most of them used a public dataset named YawDD. One of the main differences between these studies is the type of inputs to the models. Xie et al. [19] use the whole frames as inputs, Zhang et al. [20] use frame edges, and Fei et al. [21] focus on the extracted mouth regions from the drivers' faces. Other researchers utilized the CNN-LSTM network to learn the spatiotemporal feature of drivers' eyes. Such as Xiao et al. [22] used a Multi-Task Cascade Convolutional Neural Network (MTCNN) to crop the eye region from infrared frames before passing them to the model to analyze the features from each driver's eyes.

Other efforts attempted to build driver fatigue detection systems depending on the well-known architecture called the two-stream CNNs model. The architecture combines spatial features of the current frame, and to analyze the temporal characteristics, the temporal stream accepts a stacked optical flow displacement field between several consecutive frames. For example, Ma et al. [23] this architecture for a night driver yawning detection system using their dataset of depth videos with 91.57% accuracy. One of the advantages of this work is that they consider yawning with hand assistance, not just yawning with an open mouth when recording the dataset.

Another direction was introducing a hierarchical framework comprising deep networks to split temporal and spatial phases. Such as Jamshidi et al. [24] proposed framework contains four primary stages: face detection, mouth and eyes state detection, situation detection, and drowsiness detection. Only a single frame is used in the first three phases for spatial features. The fourth phase is the temporal part of the proposed framework, which utilizes consecutive frames as input in the LSTM network to analyze the temporal information between them. The proposed model had an average accuracy of 87.19% in detecting drowsiness.

Several researchers have devised DDD systems using a recent action recognition trend that uses 3D-CNN to capture Spatiotemporal correlation by utilizing the whole video as input to the model on the NTHU-DDD dataset [25–27]. Doughmi et al. [25] proposed a 3DCNN network to learn spatiotemporal features of 16 consecutive frames using six convolutional layers and four max-pooling layers and achieved 92.19% detection accuracy. Successfully Doughmi et al. used the model to create a mobile application, and according to real-time test findings, they discovered that changing the driver's posture affects the model's accuracy. However, the authors mentioned that the dataset does not cover most real-life drowsiness scenarios, such as rubbing the eyes and yawning with hands. Yu et al. [26] adopted a novel DDD by using a feature fusion between 3D-CNN and scene understanding network. 3D-CNN extracts spatiotemporal features from five consecutive frames with six convolutional layers and two pooling layers. The experiment result showed that the proposed framework achieved 71.20% detection accuracy. Yao et al. [27] introduced a 3D-CNN that extracts spatiotemporal correlation of ten consecutive frames and estimates vigilance level. With four convolutional layers and pooling layers. The contribution of this work is that they were able to reduce the size of the network and inference time by introducing a scale module for filter pruning. Tab. 2 summarizes the reviewed studies.
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Since the main goals of real-life DDD systems are high accuracy and fast detection of drowsiness signs to alert the drivers in real-time processing. As a result, many existing efforts are ineffective in real-world scenarios. The following are some of the major flaws discovered in some of the reviewed works:

A. Utilize a stand-alone indicator of drowsiness:

In real life, there is no stand-alone feature that can be used for all drivers. The different style of drowsiness actions for each driver is the reason behind the complexity of DDD systems. For that, building a system that depends on only yawning detection [13,19–21,23] or eye state recognition [15–17,22] cannot be used as an effective real-life DDD system.

B. Crop a small region of Interest (ROI) from a driver's face.

Several studies crop the mouth region from the face driver to analyze the yawning frequency [21], where yawning symptoms are more complex than a wide-open mouth. It affects many areas in the face as raised eyebrows, closed eyes, and stretched face.

C. Without any sequence learning for the drowsiness actions

Some studies [13–18] did not apply sequence learning by depending only on the information of each image frame separately and ignoring the temporal features encoded between adjacent frames. For that, it will be hard to distinguish between yawning and a wide-open mouth for talking and singing.

To contribute to this research area, we aim to build a lightweight model that can effectively recognize spatial and temporal features for drowsy activity without cropping an ROI from the driver's face, utilizing the new 3MDAD dataset [10,11]. Towards this, we investigated the recent trend in deep learning models for spatiotemporal features analysis. As a result, we discovered that learning in-depth spatiotemporal features employing 3D-CNN to analyze local spatial information and short-term temporal features is more powerful and reasonable than using 2D-CNN for action recognition, but 3D-CNN is not suitable to capture long-term dependencies [28–30]. On the other hand, researchers used RNN/LSTM networks to capture long-term temporal information in sequential data of varying lengths [30]. However, the spatial correlation properties can be lost as the input is transported from one state to another in an RNN/LSTM network [28,30]. These shortcomings inspire researchers to combine the benefits of 3D-CNN with LSTM to understand deep, long-term spatiotemporal correlation. Such as for gesture recognition [30,31], analysis of muscular activity [29], radar echo nowcasting task [32], lip reading [33], action detection [34]. However, 3DCNN has more parameters than 2D-CNN, thereby greatly increasing the running time of the system. Therefore, we will attempt to establish a lightweight 3D-CNN network combined with one layer LSTM and resize the frames to a small size to reduce the computational complexity of our 3DCNN-LSTM.

3  Proposed Model

The proposed 3DCNN-LSTM model for detecting driver drowsiness from 50 RGB sequence frames is depicted in Fig. 3. It is made up of 3D-CNN layers used to extract spatiotemporal features. These output features are then passed to a global average pooling layer (GAP) before being sent to a 32-node LSTM layer. Following that, a fully connected layer (FC) with 32 nodes and Rectified linear activation function (ReLU) is added. To reduce overfitting, a dropout layer is added with a rate of 0.15. An FC layer with one node and a sigmoid activation function is used for the final classification.
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Figure 3: The architectuer of the proposed 3DCNN-LSTM DDD system

To make our 3D-CNN feature extractor more general and to speed up the training process, BN layers are used. In the last couple of years, the effectiveness of BN has been proven by many studies in the machine learning community. However, there are some disagreements on the best position for the BN layer in a network to achieve the highest acceleration in training and to avoid overfitting. We have examined two different positions of the BN layers in the 3D-CNN. In model (A), as suggested in the original BN paper, we place the BN before the non-linear activation function [35]. For the second model (B), the BN layer is added after the non-linear activation function.

Fig. 4 shows the details of the 3D-CNN architectures of the two models. The architecture consists of four 3D convolutional layers with 4,4,8,8 filters, respectively. The (3 × 3 × 3) kernels and the same padding have been employed for all of them. 3D max-pooling layers follow the second and last layers with window size set as (3 × 3 × 3). A dropout layer follows each 3D max-pooling layer with a rate of 0.15.

The total number of trainable parameters for the proposed 3DCNN-LSTM model is 9,757, and the details of the internal structure are provided in Tab. 3.
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Figure 4: The 3D-CNN units architecture for model A and model B: the D, K, S means the number of the filters for the convolutional, kernel size, stride, respectively
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4  Datasets

The following subsections describe the used two publicly available datasets to train and test the proposed models.

4.1 YawDD Dataset

The Yawning while Driving Dataset (YawDD) [36] was created by the University of Ottawa, Canada. This dataset is used to build and test yawn detection models. It contains videos recorded from in-car cameras of male and female drivers, with and without glasses or sunglasses, from different ethnicities. The in-car cameras are placed either on the dashboard or the front mirror with an FPS rate (frames per second) of 30 and a resolution of 480 × 640 in RGB color. For every participant, three or four videos between 15 and 40 s were taken, with the driver either driving as normal or yawning, with one action for each clip. Normal driving videos include talking, laughing, and singing. Fig. 5 shows an example of 5 consecutive frames of normal driving. Yawning videos have a yawning action segment that begins with a frame containing a closed mouth, then wide-open mouths, and ends with a frame of a re-closed mouth. Fig. 6 presents a sample of yawning action. All yawning videos are cropped into segments, called sequences, containing only the yawning action frames. Because the nearby frames in the sequence are similar, the frames are extracted at a step size of two to reduce redundancy and training time for the model. The number of sequences of normal driving is equal to the number of sequences of yawning driving to ensure balanced samples in classes with 50 frames per sequence. The data is split randomly into training and testing sets in an 80/20 ratio with mixed genders and face view angles.
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Figure 5: Normal driving from YawDD dataset
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Figure 6: Yawning action from YawDD dataset

4.2 3MDAD Dataset

Multimodal Multiview and Multispectral Driver Action Dataset (3MDAD) is a new public, well-structured dataset created in 2020 [10,11]. 3MDAD includes two synchronized recorded videos from two views of the drivers, frontal and side. For each view, the RGB and depth synchronized data were recorded using two different Kinect cameras. We used the RGB color data from the front and side views, and we refer to them as Front-3MDAD and Side-3MDAD. The FPS rate was set to 30, and the resolution was 480 × 640. Fifty participants with diverse ages, gender, and body sizes were asked to execute 16 in-car actions in different weather conditions. For each activity, no instruction was given on how to execute the action in order to ensure different styles in performing the same action. In this study, we used only two actions: fatigue actions and normal driving actions. For fatigue action videos, participants usually yawn, rub their eyes, and nod their heads. Each video is split into two 50 frame sequences, with the sequences labeled fatigue or normal. The dataset was divided into 80% training and 20% testing. Videos from subjects 1 to 40 were used for training, and the videos from subjects 41 to 50 were used for testing. Figs. 7 and 8 show samples of drowsy driving. An example of normal driving is shown in Fig. 9.
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Figure 7: Drowsy driving (head nodding) from Side-3MDAD dataset
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Figure 8: Drowsy driving (eye rubbing, yawning with hand aid) from Front-3MDAD dataset
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Figure 9: Normal driving from Front-3MDAD dataset

4.3 Data Augmentations

To achieve better generalization and prevent overfitting in the network, we used twenty-eight data augmentation techniques to enhance the size and quality of the training datasets. The objective of this task is to build a robust model that can detect drowsiness status reasonably well with a wide range of driver view angles. We applied each strategy to the entire sequence, generating twenty-eight sequences from each sequence in the training data using the following processes:
•   Flip the frames up-down and left-right.

•   Transpose and sharpen the frames.

•   Rotate the frames for nine different angles (10°- 20°- 30° - 40°- 50° - 60° -70° - 80°- 90°).

•   Adjust frames brightness by a 0.2 ratio.

•   Rotate the frames to 90°, then flip it left-right.

•   Adjust frames brightness by 0.2 ratios, then (flip it up-down, flip it left-right, transpose, sharpen).

•   Flip the frames left-right, then rotate them for nine different angles (10°- 20°- 30° - 40°- 50° - 60° -70° - 80°- 90°).

5  Experimental Results

The experimental platform for this study was a PC with an AMD Ryzen 5 3600 6-Core CPU, a frequency of 3.6 GHz, a memory of 32 GB, and a GTX 1660 Super GPU. The TensorFlow framework was chosen as the back end of the Keras platform to build the proposed models. The models were trained end-to-end from scratch for 40 epochs, and the dataset was shuffled before each epoch to ensure randomness. We used the RMSprop optimizer, binary cross-entropy loss function, and a batch size of 256. As the dimensions of the input frames increase, the number of features learned during the training also grows, potentially leading to overfitting. Therefore, this study investigates if we can get a high detection accuracy with small frame sizes by resizing the frames to 60 × 60 before training. Furthermore, to enhance the fitting ability, we normalized the sequence frames before training.

We conducted two experiments on each dataset (Model A and Model B), with the values of all the hyperparameters and the training process settings fixed in each experiment to obtain comparable results. The accuracy, precision, recall, and F1 score are the evaluation metrics used to evaluate the performance of the proposed models in both experiments. These metrics are calculated from the confusion matrix [37] using the given formulas in Tab. 4
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The variables in these evaluations are explained as follows: the true positive (TP) indicates that the model correctly predicted normal driving. True negative (TN) indicated that the model correctly predicted drowsy driving. Errors in the model are represented by the variables false positive (FP) and false-negative (FN). With FP, an incorrect prediction of normal driving was made. With FN, an incorrect prediction of drowsy driving was made.

As shown in Tabs. 5 and 6, both models A and B on YawDD achieved 96% accuracy on the training set in 40 epochs. However, Model B outperformed Model A in the testing data, with 96% detection accuracy. The same results were obtained for the Front-3MDAD dataset. Model B better detected the drowsiness actions in both the training and the testing sets. However, Model A outperformed Model B for the Side-3MDAD dataset, which used the same order of the BN layer as the original paper. Figs. 10–12 show the performance of the trained models on the training set in the form of loss curves and accuracy curves. The general trend of the accuracy curves was increasing and decreasing for the loss curves.
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Figure 10: Models accuracy and loss curves on YawDD dataset
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Figure 11: Models accuracy and loss curves on Side-3MDAD dataset
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Figure 12: Models accuracy and loss curves on Front-3MDAD dataset

The proposed models perform better on the YawDD dataset than on the side-3MDAD and Front-3MDAD datasets, as they contain far more actions than YawDD with complex backgrounds data. Also, 3MDAD has fewer videos, and for each video, the participants perform multiple actions. For example, in a sleepy driving video, participants may yawn, yawn with their hands, rub their eyes, and nod their heads.

Fig. 13 shows the confusion matrices of the test set for the two models on the YawDD dataset. The diagonal axis number indicates the number of accurate classifications, and the others are the number of inaccurate classifications. As shown in these matrices, two normal driving sequences were incorrectly classified as fatigued driving by model A, and we found that the participants were taking. On the other hand, we got zero false negative alarms with model B.
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Figure 13: Confusion matrices for test set on YawDD dataset

Fig. 14 shows the confusion matrices of the test set for each model on the Side-3MDAD dataset how model A outperforms model B with only changing the position of the BN layer. The main common feature in the misclassified videos was the poor illumination as a clash of sunlight or shadow.
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Figure 14: Confusion matrices for test set on Side-3MDAD dataset

Fig. 15 shows how model B outperforms model A based on the confusion matrices of the test set for each model on the Front-3MDAD dataset. After we analyzed the misclassified videos, we found that model A classified six fatigued driving videos as normal. Five of them include a clear passenger face behind the driver (video from participants number 44,48, and 49). Another video from participant number 43 starts with 13 frames acting as normal driving, then she rubbed her eyes and ended it with yawing with her hand. Also, model B could not classify the normal videos and fatigued videos for participant number 49.
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Figure 15: Confusion matrices for test set on Front-3MDAD dataset

Using model A, we got higher detection accuracy on the Side-3MDAD dataset than the Front-3MDAD dataset. One of the main reasons is that we found only the driver is shown in the frame in the Side-3MDAD dataset in the misclassified videos. In contrast, the same videos recorded from the front view camera in the Front-3MDAD dataset include a clear passenger face behind the driver, as shown in Fig. 16.
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Figure 16: Left image from Front-3MDAD dataset and the right image from Side-3MDAD dataset

From the results provided in Fig. 17, we cannot conclude that one arrangement is absolutely more effective than another. Instead, these findings demonstrate that we should always search for a more efficient way of adopting the BN layers to solve a machine learning problem by doing different experiments.
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Figure 17: Performance of two models on three public datasets

Although results show a high F1-Score of the proposed system, it is subject to two significant limitations that we need to address in future research. First, the model uses the whole frame as input by that it will learn useless information, so a face detector is needed to analyze only the face regions of the drivers. The second is how we split the data into training and testing without a validation set following the same way used in the state-of-the-art works. Due to the time and computational constraints, we could not apply K-fold cross-validation techniques to get more reliable results.

5.1 Time Complexity

The significance of a drowsiness detection system is to warn when the driver enters into a sleepy state promptly to avoid accidents. As a result, in addition to model accuracy, the designer should consider the real-time performance of the system into account. Tab. 7 shows the time complexity of the proposed 3DCNN-LSTM in second (s). Given an approximately 1.6667-s video (50 frames), the pre-processing stage (step 1) takes about 0.001-s to resize and normalize the 50 frames from the video. In step 2, the model spent about 0.582-s classifying the video as drowsy or normal driving. Overall, the proposed 3DCNN-LSTM model is practical and feasible as a fast and lightweight driver drowsiness detection model.
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5.2 Comparison Results with State-of-the-art

Because this is the first study used for driver drowsiness detection on the 3MDAD dataset, we compared the proposed framework results with other state-of-the-art studies that used sequence learning on the YawDD dataset only. Tab. 8 shows the comparison results. Although the proposed model outperforms other studies with the highest detection accuracy and smallest image size, it could not be considered a fair comparison. As the YawDD dataset needs manual cropping and extraction for the yawning and normal sequences at the pre-processing stage, and not all the cropping details are available. In addition, different image sizes, sequence lengths, and models were used in each study.
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6  Conclusion and Future Work

This paper proposed an efficient framework for driver drowsiness detection by combining 3D-CNN and LSTM units to learn drowsiness-related spatiotemporal features of the drivers' faces. To the best of our knowledge, this is the first attempt to utilize this combination to detect driver drowsiness. The 3D-CNN was applied to extract spatiotemporal features within adjacent frames, and the LSTM layer was used to model high-level temporal variation of the drowsiness actions. In addition, we investigated the effect of adding the BN layer in two different places in 3D-CNN (before or after the activation function). The goal of this study was to prove that other positions of the BN layer than the suggested one can speed up the training of the model and avoid overfitting on one dataset but not the other. From the results, it can be concluded that the performance of the proposed model is highly affected by selected positions of the BN layer. In future research, other methods for enhancing the performance of the proposed model will be considered. Face detection approaches will be examined in future studies to focus on the driver face regions instead of using the whole frame as an input. We also aim to explore the possibility of training the model utilizing non-equal sequences length. Another direction for future works would be using hand gesture recognition inspired by [30,38] for drowsiness activity when the drivers rub their eyes or yawn with hand assistance.
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Table 3: The internal structure of the proposed model

Layer

Input shape

Output shape

Input Layer
Conv3D-1
Conv3D-2
MaxPooling3D-1
Conv3D-3
Conv3D-4
MaxPooling3D-2
GAP

LSTM

Dense

Dense

(None, 50, 60, 60, 3)
(None, 50, 60, 60, 3)
(None, 50, 60, 30, 4)
(None, 50, 60, 15, 4)
(None, 17, 20, 5, 4)
(None, 17, 20, 3, 8)
(None, 17, 20, 2, 8)
(None, 6, 7, 1, 8)
(None, 6, 8)

(None, 32)

(None, 32)

(None, 50, 60, 60, 3)
(None, 50, 60, 30, 4)
(None, 50, 60, 15, 4)
(None, 17, 20, 5, 4)
(None, 17, 20, 3, 8)
(None, 17, 20, 2, 8)
(None, 6, 7, 1, 8)
(None, 6, 8)

(None, 32)

(None, 32)
(None, 1)
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Table 8: Comparison the results of the proposed model vs. other state-of-the-art studies on YawDD dataset

Ref. No  Accuracy Precision Recall F1 Input  Image Sequence Model Sequence cropping
size length details
[19] — — 100% — Whole - 90 CNN The "yawning" sequence
frames + starts with a frame,
LSTM includes a closed mouth,
and ends at a frame that
contains a wide-open
mouth.
[20] 88.6%  — 87.1% — Frames 256 x 256 - CNN =
edges +
Stacked
LSTM
[21] 94.9% - — — Mouth 224 x 224 30 CNN The sequence is
regions + composed of extracted
LSTM  mouth region images
only.
Proposed 96% 93% 100% 96% Whole 60 x60 50 3DCNN The "yawning" sequence
Model frames + starts with a frame,
LSTM includes a closed mouth,

and ends at a frame that
contains a re-closed
mouth.
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Table 4: Evaluation metrics

Metric ~ Formula Description

Accuracy % Model performance across all classes, to what % the model is accurate in
making a correct classification.

Precision TPTEFP Model performance in what % of positive classification was correct.

Recall TPTF—PFN Model performance in what % the model correctly classifies positive
samples.

Fl-score 2 x RecallxPrecision \f4de] performance as the harmonic mean of the model’s precision and

Recall+Precision

recall.
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Table 7: The time complexity, where step 1 1s pre-processing time and step 2 time of detection

Steps 1 Steps 2 Total
0.001 (s) 0.582 (s) 0.583 (s)
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Table 1: Drowsiness detection measures

Approach Accuracy Comfortability Cost  Limitations
Physiological High Low High Sensitive to drivers' movements and health.
Vehicular Low High High Dependency on environment and vehicle type.

Behavioral Medium  High Low  Illumination dependency
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Table 6: Models results on the testing dataset

Model yawDD Side-3MDAD Front-3MDAD

Accuracy Precision Recall F1 ~ Accuracy Precision Recall F1 ~ Accuracy Precision Recall F1

A 93% 93% 93%  93% 93% 90% 95%  93% 85% 77% 100% 87%
B 96% 93% 100% 96% 75% 67% 100% 80% 90% 90% 90%  90%
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Table 2: Summary of the related works

Ref. Model Dataset Image Sequence Objective

No size length

[13] CNN YawDD - 1 min An image-based driver yawning detection system depends on
the number of yawns per minute.

[14] CNN Built-in 224 x 224 20 f A DDD system determines if the driver is drowsy by
classifying each frame as fatigued or not.

[15] CNN Built-in — 2s A DDD system that considers the drivers drowsy if they close
their eyes for more than two seconds.

[16] CNN CEW, 24x24, S5s A real-time image-based DDD model determines whether the

MRL, 86 x 86, drivers are drowsy once they close their eyes for more than five
Kaggle 94 x 94 seconds.

[17] CNN CEW 24 x24 20f A real-time image-based DDD system that depends on the
number of continuous frames with closed eyes.

[18] CNN YawDD 320x240 5s A DDD system determines whether the drivers are drowsy

NTHU- depending on threshold values of the FOM and PERCLOS
DDD parameters.

[19] CNN-LSTM YawDD - 90 A real-time driver yawning detection system uses transfer
learning for a CNN as a spatial features extractor. And a single
LSTM layer to analyze the temporal features.

[20] CNN-LSTM YawDD 256 x 256 - A Driver yawning detection system that employs a CNN to
extract spatial frames features. Then the outputted features are
processed through time using three layers of stacked LSTMs.

[21] CNN-LSTM YawDD 224 x 224 30 f A CNN-LSTM driver yawning detection system based on
sequential mouth spatial-temporal feature.

[22] CNN-LSTM Built-in 227 x 227 16 f A DDD system employs a CNN-LSTM network to extract
spatial features and model temporal dynamics based on drivers'
eyes features.

[23] Two-stream  Built-in 224 x 224 2 f A Driver yawning detection system during the nighttime.

CNNs Based on two-stream CNNs and the depth video sequences.

[24] Hierarchical NTHU- 112 x 112 30 f A hierarchical DDD of four stages, face detection, eyes and

CNN+LSTM DDD mouth state detection, situation recognition, and temporal
drowsiness action detection using an LSTM.
[25] 3D-CNN NTHU- - 16 f A DDD system analyzes a sequence of frames of full drivers'
DDD faces using a 3D-CNN model.

[26] 3D-CNN NTHU- 224 x224 5f A DDD system determines if the drivers are drowsy using a
DDD 3D-CNN model and scene understanding network.

[27] 3D-CNN NTHU- 64 x64 10f A DDD system analyzes a sequence of frames of full drivers'
DDD faces using a 3D-CNN model utilizing the scale module for

filter pruning to reduce the size of the network.

Note: *min: minute *f : frames *s: second.
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Table 5: Models results on the training dataset

Model yawDD Side-3MDAD Front-3MDAD

Accuracy Precision Recall F1 =~ Accuracy Precision Recall F1 =~ Accuracy Precision Recall F1

A 96% 96% 98% 97% 91% 90% 92%  91% 83% 79% 89% 83%
B 96% 95% 98%  96% 88% 86% 90% 88% 93% 92% 95%  93%
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