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Introduction: Fatigue is dangerous for certain jobs requiring continuous concentration. When faced with new datasets, the existing fatigue detection model needs a large amount of electroencephalogram (EEG) data for training, which is resource-consuming and impractical. Although the cross-dataset fatigue detection model does not need to be retrained, no one has studied this problem previously. Therefore, this study will focus on the design of the cross-dataset fatigue detection model.
Methods: This study proposes a regression method for EEG-based cross-dataset fatigue detection. This method is similar to self-supervised learning and can be divided into two steps: pre-training and the domain-specific adaptive step. To extract specific features for different datasets, a pretext task is proposed to distinguish data on different datasets in the pre-training step. Then, in the domain-specific adaptation stage, these specific features are projected into a shared subspace. Moreover, the maximum mean discrepancy (MMD) is exploited to continuously narrow the differences in the subspace so that an inherent connection can be built between datasets. In addition, the attention mechanism is introduced to extract continuous information on spatial features, and the gated recurrent unit (GRU) is used to capture time series information.
Results: The accuracy and root mean square error (RMSE) achieved by the proposed method are 59.10% and 0.27, respectively, which significantly outperforms state-of-the-art domain adaptation methods.
Discussion: In addition, this study discusses the effect of labeled samples. When the number of labeled samples is 10% of the total number, the accuracy of the proposed model can reach 66.21%. This study fills a vacancy in the field of fatigue detection. In addition, the EEG-based cross-dataset fatigue detection method can be used for reference by other EEG-based deep learning research practices.
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1 INTRODUCTION
Fatigue is one of the major factors leading to human errors, which is accompanied by impaired attentional control, decreased individual alertness, and poor performance in tasks (Liu et al., 2020). These are dangerous for certain jobs requiring continuous concentration, such as pilots, vehicle drivers, and helmsmen (Liu W. et al., 2019). To avoid failures caused by fatigue, researchers are working on ways to detect/monitor fatigue using different types of signals. The first is based on individual behavior, including physiological responses, such as eyelid-related parameters (Hu and Zheng, 2009), facial expressions (Liu Y. et al., 2019), head movement (SMITH et al., 2016), percentage of eye closure (PERCLOS) (Zheng and Lu, 2017), and the performance observed during the execution of specific tasks, such as reaction time (RT) and response accuracy (Huang et al., 2016; Liu et al., 2020; Zeng et al., 2020). The second is based on psychological surveys, such as the Karolinska Sleepiness Scale, Stanford Sleepiness Scale, and Chalder Fatigue Scale (Foong et al., 2019; Qin et al., 2020; Krigolson et al., 2021; Zeng et al., 2021). The third is based on physiological signals, such as electroencephalogram (EEG) (Gao et al., 2019; Peng et al., 2021), electrooculogram (Bulling et al., 2011), electrocardiogram (Murugan et al., 2020), or a combination of signals (Qi et al., 2018; Du et al., 2022). Precisely, EEG measures the potential difference produced from the electrical signals generated by the synaptic excitation of neurons to the scalp, and it can directly reflect the activities of nerve cells in the brain (Kostas et al., 2021; Liqiang et al., 2022). Therefore, it is considered to be the most effective method to detect fatigue.
At present, the fatigue detection method of within-subject and cross-subject has achieved outstanding performance. For the within-subject fatigue recognition, Yang et al. (2021a) proposed a complex network (CN)-based broad learning system (CNBLS) to realize fatigue detection based on EEG. The classification accuracy of CNBLS was 99.58%. Wang H. et al. (2021) introduced a new attention-based multiscale convolutional neural network–dynamical graph convolutional network model for driving fatigue detection. The two-class accuracy was 95.65%. For cross-subject fatigue recognition, Zeng et al. (2020) used the InstanceEasyTL method to detect driver fatigue, and the two-class accuracy was 88.02%. Liu et al. (2020) proposed a transfer learning-based algorithm using maximum independence domain adaption (MIDA), and it achieved an accuracy of 73.01% with all 30 channels for the two-class mental fatigue recognition. Wei et al. (2018) developed a subject-transfer framework for obviating inter- and intra-subject variability in drowsiness detection, and this framework remarkably reduced the required calibration time for a new user. In addition, in the emotion recognition field, Iyer et al. (2023) proposed the ensemble learning-based EEG emotion recognition system, and the ensemble model outperforms the compared methodologies with 97.16% accuracy for EEG-based emotion recognition on the SEED dataset. In the sleep stage classification, Sharma et al. (2021) used a discrete wavelet transform and discrete entropy to analyze EEG signals, studied the wavelet sub-band of EEG sleep records and its performance based on wave dispersion entropy, and finally obtained EEG features suitable for sleep stage classification.
However, when faced with new users under different datasets, the model of within-subject and cross-subject fatigue detection still needs a large amount of EEG data for training. It has poor applicability. The cross-dataset fatigue detection model has a strong practical application value because it does not need to be retrained, and it can directly detect fatigue states of new datasets. In order to get a general cross-dataset fatigue detection model, this study considers different sets in BCIs. In other words, different datasets have different label spaces (He and Wu, 2020). For fatigue detection, this means that the subjects of different datasets perform different fatigue-induced tasks. Different tasks have different feature spaces. Thus, the very effort of selecting different features for different tasks is a critical challenge for cross-dataset fatigue detection. However, the within-subject and cross-subject fatigue detection models are difficult to generalize knowledge to new datasets because they suffer the drawbacks of fully supervised learning and large-scale labeled datasets for training (Ye et al., 2022), and the label work process is prone to human bias and may also result in ambiguous annotations. In particular, each dataset has multiple subjects, so cross-dataset fatigue detection is a multi-source to multi-target domain problem.
Up to now, the methods of fatigue detection are mainly judged from facial expressions, physiological signals, and questionnaire surveys, but it is difficult to have a general fatigue detection model to adapt to various fatigue-induced tasks. To the best of our knowledge, no one has studied this problem previously. However, the idea of a cross-dataset has gained widespread attention in other fields, such as emotion recognition, sleep staging, and personal identification. Ni et al. (2021) used a domain adaptation sparse representation classifier to minimize the data distribution difference between datasets and then classify emotions for EEG collected from different subjects, different periods, and different devices. Eldele et al. (2022) used the adversarial learning framework called ADAST for automatic sleep staging. The framework can tackle the domain shift problem in the unlabeled target domain, which is a limitation to domain adaptation in sleep staging. Kong et al. (2018) proposed a method for cross-dataset personal identification based on a brain network of EEG signals. The method used brain functional networks and linear discriminant analysis (LDA) to classify personal identification. As can be seen from the aforementioned fields, domain adaptation is one of the main methods to solve cross-dataset problems (Chen et al., 2021; Ding et al., 2021). In addition, the method proposed in this study can also be applied to these fields.
In real life, there is a coherent sequence of changes in EEG variables during the transition from normal driving, high mental workload, and eventual mental fatigue and drowsiness, so fatigue detection should be a regression problem. However, current fatigue evaluation methods are mostly classification methods, aiming to divide the brain states into two or more alert and fatigue states (Yang et al., 2021b). This is a simplified version of regression analysis. To develop a model that can adapt to different fatigue-induced tasks, this study focuses on the following four points to carry out the specific content of this study.
(a) A regression method for EEG-based cross-dataset fatigue detection is proposed to detect the fatigue states of the new datasets collected for different fatigue-induced tasks. The method includes two steps: pre-training and the domain-specific adaptive step. The purpose of pre-training is mainly to extract specific features for different datasets. The domain-specific adaptive step is mainly to align specific features extracted from the pre-training step and mine the internal relationship between features. To validate the proposed method, a large number of experiments were conducted to compare the proposed method with state-of-the-art domain adaptation methods.
(b) In the pre-training step, this study designs a pretext task to distinguish data from the source or target domains. In this way, the specific features of different fatigue-induced tasks can be obtained. The pre-training step includes a common feature extractor and a domain discriminator. In this study, we have performed a lot of experiments to verify that the accuracy of pre-training steps is better than that of no pre-training steps, which proves the contribution of pre-training.
(c) In the domain-specific adaptive step, this study proposes an EEG-based domain-adaptive fatigue detection network. In addition, it includes a domain-specific feature extractor, domain distribution alignment network, and regression multilayer perceptron. Maximum mean discrepancy (MMD) is used to optimize the network parameters in the domain-specific adaptive step, which can minimize differences between the source and target domains.
(d) The attention mechanism is introduced to extract continuous information on spatial features, and the gated recurrent unit (GRU) is introduced to capture information on time series. This study also conducts experiments to verify the effectiveness of the attention mechanism and GRU.
The rest of this paper is organized as follows: Section 2 describes the proposed method. Section 3 presents the experiment and results. Section 4 discusses the results, and Section 5 concludes the paper.
2 MATERIALS AND METHODS
2.1 Problem statement
It is difficult to obtain a general model that is suitable for datasets because of different tasks. Therefore, if the model trained by one dataset is applied to another dataset directly, it will lead to performance degradation. When faced with a new dataset, the conventional method needs to undergo the calibration process, that is, to collect lots of new labeled data and train a new model for these data (Wang Y. et al., 2021). This is time-consuming and not economical.
Suppose we have labeled EEG samples from one dataset [image: image], denoted as the multi-source domain [image: image] and unlabeled EEG samples from the another dataset [image: image], denoted as the multi-target domain [image: image], where [image: image], [image: image], [image: image], [image: image], and [image: image] is a one-hot vector, d is the feature dimensionality, C is the fatigue index, and [image: image] and [image: image] are the number of samples in multi-source and multi-target domains, respectively. However, the marginal distributions and conditional distributions of the feature space, and the fatigue index space of both domains are different due to the domain shift: [image: image] and [image: image]. Domain adaptation solves this problem by mapping the multi-source and multi-target domains to a new space [image: image] and then minimizing the distance [image: image] between the multi-source mapping distributions [image: image] and multi-target mapping distributions [image: image].
2.2 Datasets
2.2.1 SEED dataset
The data were collected by Zheng and Lu (2017). A total of 23 subjects participated in the experiments. The experimental data collection scenario was a virtual-reality-based simulated driving scene. A four-lane highway scene is shown on a large LCD screen in front of a real vehicle without the unnecessary engine and other components. The vehicle movements in the software application are controlled by the steering wheel and gas pedal. During the experiments, the subjects were asked to drive the car using the steering wheel and gas pedal, and the scenes were simultaneously updated according to the participants’ operations. The 12-channel EEG signals from the hindbrain (CP1, CPZ, CP2, P1, PZ, P2, PO3, POZ, PO4, O1, OZ, and O2) and 6-channel EEG signals from the temporal lobe (FT7, FT8, T7, T8, TP7, and TP8) were recorded. The author of the dataset used independent component analysis filtering to remove noise, such as the artifact of eye movement, electromyography, and baseline drift. In this study, we filtered the dataset with 1-Hz high-pass and 50-Hz low-pass finite impulse response (FIR) filters. The processed data were finally downsampled to 128 Hz. The vigilance annotation method of the dataset used PERCLOS, which refers to the percentage of eye closure. Specifically, eye movements were simultaneously recorded using SMI ETG eye tracking glasses.
Data labels were defined in a way that classifies EEG data into three fatigue states (awake, fatigue, and drowsy) with two thresholds (0.35 and 0.7) based on the PERCLOS index. In addition, in the following study, this study uses “SEED_0” for awake, “SEED_1” for fatigue, and “SEED_2” for drowsy in the SEED dataset.
2.2.2 Multi-channel dataset
The dataset consists of EEG signals collected by Cao et al. (2019). In the experiment, 27 participants were invited to the experiment. Fatigue and drowsy states were induced by a 90-min sustained-attention night-time driving task in an immersive driving simulator. The participants were tasked to drive and maintain the car in the center of the lane. Lane-departure events were randomly induced, which made the car drift to the left or right from the lane, and participants were asked to move back as quickly as possible by steering the wheel. In addition, their reactions were timed. The vigilance annotation method of the dataset used the RT, which provides a gauge of the subjects’ fatigue level. The preprocessed version of the dataset was used in this study. As described by the authors, the raw EEG signals were filtered by 1-Hz high-pass and 50-Hz low-pass FIR filters. Apparent eye blinks that contaminate the EEG signals were manually removed through visual inspection by the authors of the dataset. Ocular and muscular artifacts were removed by the automatic artifact removal plug-in of EEGLAB. The processed data were finally downsampled to 128 Hz.
The RT is the time difference between the lane-departure event onset and the subject’s response onset. This study calculated all trails’ RT, and the boxplot of these is shown in Figure 1. As can be seen from Figure 1, each person’s RT is different, and it has a long-tail effect. Therefore, the RT [image: image] is transformed into the drowsiness index (DI) (Yang et al., 2021a) by the following Equation 1 in this study. The RT has been proved to have a strong correlation with the drowsiness level, while the DI is positively correlated with the RT. Therefore, the DI can be used to indicate the drowsiness level. The curves before and after the transformation are shown in Figures 2A, B (take s01_051017m.set as an example). As can be seen from Figure 2B, the fatigue curve determined according to the performance observed during the execution of specific tasks fluctuates greatly.
[image: image]
where [image: image] was set to 1.
[image: Figure 1]FIGURE 1 | All trails’ reaction times.
[image: Figure 2]FIGURE 2 | Curves before and after the transformation. (A) RT curve. (B) DI curve.
The transformation can normalize the RT to the interval [0,1] and overcome the long-tail effect. Like the SEED dataset, the data labels are defined in such a way that the EEG data are classified into three fatigue states (awake, fatigue, and drowsy) based on the DI index with two thresholds (0.35 and 0.7). Specifically, in the following study, this study uses “multi-channel_0” for awake, “multi-channel_1” for fatigue, and “multi-channel_2” for drowsy in the multi-channel dataset.
2.2.3 Channel selection
For the EEG setup, the SEED dataset recorded 12-channel EEG signals from the posterior site (CP1, CPZ, CP2, P1, PZ, P2, PO3, POZ, PO4, O1, OZ, and O2) and 6-channel EEG signals from the temporal site (FT7, FT8, T7, T8, TP7, and TP8) according to the International 10–20 electrode system, as shown in Figure 3A.
[image: Figure 3]FIGURE 3 | Channels of the SEED dataset and multi-channel dataset. (A) SEED dataset. (B) Multi-channel dataset.
The multi-channel dataset included 32 EEG signals and one signal for vehicle position. The first 32 signals were from the Fp1, Fp2, F7, F3, Fz, F4, F8, FT7, FC3, FCZ, FC4, FT8, T3, C3, Cz, C4, T4, TP7, CP3, CPz, CP4, TP8, A1, T5, P3, PZ, P4, T6, A2, O1, Oz, and O2 electrodes. Two electrodes (A1 and A2) were references placed on the mastoid bones. The next signal was used to describe the position of the simulated vehicle. This study compares the channels of the SEED dataset with those of the multi-channel dataset and selects the channels according to the one-to-one correspondence principle, as shown in Figure 3. In particular, if there are more datasets, channel selection should be based on the dataset with the lowest number of channels.
2.2.4 EEG segmentation division
In our previous work, we found that the random sampling method can reduce overfitting. It is shown in Figure 4. The specific process is as follows. Assuming that the EEG sequence length is N and the sample length of the EEG segment is T, the EEG sequence of length N contains a number of EEG sub-sequence [image: image], and each has its own index. For example, the EEG sub-sequence [image: image] corresponds to [image: image] and the EEG sub-sequence [image: image] corresponds to [image: image], and so on. A random offset of [image: image] will be set for the EEG sequence and EEG segments in each training iteration, which means that different EEG segments will be used in each iteration. The relationship between the EEG segment [image: image] and the corresponding index [image: image] is shown in Equation 2.
[image: image]
[image: Figure 4]FIGURE 4 | Random sampling method.
In this study, the EEG data on the SEED dataset were used as the independent variable and the PERCLOS was used as the dependent variable. In addition, the PERCLOS values provided in the SEED database were calculated every 8 s, so the PERCLOS values between two 8 s EEG segments were obtained by the aforementioned interpolation method. In the multi-channel dataset, EEG data were used as the independent variable and the DI as the dependent variable, and the DI values were obtained by the aforementioned interpolation method.
2.3 Proposed method
In order to get a fatigue detection model that can adapt to different tasks, this study proposes a regression method for EEG-based cross-dataset fatigue detection, as shown in Figure 5. In the pre-training step (Figure 5A), [image: image] and [image: image] are input into the common feature extractor [image: image] to extract specific features ([image: image] and [image: image]) for different tasks. Then, the domain discriminator [image: image] is used to determine whether these specific features come from [image: image] (“0”) or [image: image] (“1”). The cross-entropy loss is calculated and backpropagated to optimize the network. In this way, the specific features of different fatigue-induced tasks can be obtained.
[image: Figure 5]FIGURE 5 | Regression method for EEG-based cross-dataset fatigue detection: (A) pre-training and (B) domain-specific adaptive step. In the pre-training step, the multi-source domain and multi-target domain data are input into [image: image] and then fed into [image: image]. In the domain-specific adaptive step, the specific features of the two domains are extracted by [image: image]. Then, the distance MMD between the specific features is calculated by [image: image], and the fatigue index of the source domain is fitted by [image: image].
In the domain-specific adaptive step (Figure 5B), this study proposes an EEG-based domain-adaptive fatigue detection network. In addition, it includes a domain-specific feature extractor [image: image], domain distribution alignment network [image: image], and regression multilayer perceptron [image: image]. First, the specific features of [image: image] and [image: image] are extracted by [image: image]. Then, the distance MMD (Chen et al., 2021) between the specific features is calculated by [image: image], and the fatigue index of the source domain is fitted by [image: image] to calculate the mean squared error (MSE). Finally, the MMD and MSE were backpropagated to constantly update the network parameters and narrow the differences between features. The method can make the distribution domains of [image: image] and [image: image] more uniform, that is, [image: image] and [image: image]. Its aim is to extract the invariant features among domains and reveal the relationships between instances of the different datasets (Ye et al., 2022).
In terms of the design of a network structure, this study introduces the attention mechanism to extract the discriminative spatial representations and introduces the GRU to capture the relationship of EEG samples and the long-range information about EEG slices. The implementation processes of the proposed method are described in detail in Section 2.3.1 and Section 2.3.2.
2.3.1 Design of a common feature extractor
In prior work, this study observed that the performance of shallower models more quickly saturated to lower performance levels, as compared to the deeper networks. If the shallow network depth is increased only, it is easy to cause overfitting and deteriorate the network performance. The residual network (ResNet) solves the problems of traditional convolutional neural network (CNN) degradation and gradient disappearance/explosion by adding jump connections.
Apart from these factors, this study investigates a different aspect of architectural design: attention. The significance of attention has been studied extensively in the literature (Mnih et al., 2014; Gregor et al., 2015). In addition, it plays an important role in deciding ‘where’ to focus, as shown in Chen et al. (2017). Woo et al. (2018) exploited CBAM, which is both channel-wise and spatial attention-based on efficient architecture. They integrated CBAM into ResNet and applied it to computer vision, and this method showed very good performance. Thus, the attention mechanism is very good at capturing spatial representations. However, there are few applications for fatigue detection (Wang H. et al., 2021).
In this study, ResNet50 was selected as the CNN to extract spatial local features of one-dimensional EEG samples. In addition, the CBAM network is integrated into ResNet50 by referring to the experiment of Woo et al. (2018). The channel-wise attention and spatial attention models are shown in Figures 6A, B. The method can adaptively estimate the importance of EEG channels without any prior information and effectively learn the discriminative spatial representations in EEG slices. In addition, several pioneering works mainly focus on the relationship of EEG samples or the connection between different channels, whereas few studies considered capturing the information about EEG slices. The GRU is added to capture the latent long-range temporal information on EEG signals. The network structure design of the common feature extractor [image: image] is shown in Figure 6C.
[image: Figure 6]FIGURE 6 | (A) Channel-wise attention model. (B) Spatial attention model. (C) Network structure of the common feature extractor.
2.3.2 Domain-specific adaptive step
In the domain-specific adaptive step, this study builds the domain-specific feature extractor [image: image]. The domain-specific feature extractor [image: image] extracts multi-representations of [image: image] and [image: image], that is, [image: image]. [image: image] maps them to a common subspace [image: image] and preserves the key features of each domain and [image: image] by using a [image: image]-based shared feature extractor, i.e., [image: image], which is unlike the totally unshared architectures that require an extra network and increase the complexity of the model. Therefore, most domain-adaptive algorithms adopted this shared design (Eldele et al., 2022; He et al., 2022). To make these high-level features with different representations closer, this study employed MMD to estimate the distance between the domains in the latent space (Chen et al., 2021; Tao and Dan, 2021; Cao et al., 2022). In addition, it is calculated by the domain distribution alignment network [image: image]. The final MMD is the sum of the MMD of each source domain expression and the corresponding target domain expression, as shown in Equation 3.
[image: image]
Finally, the multi-representation vector [image: image] is connected to a new vector and fed into the regression multilayer perceptron [image: image] to predict the fatigue index. We use the MSE to calculate loss, as shown in Equation 4. The total loss function can be expressed as Equation 5.
[image: image]
[image: image]
where [image: image] is the proportionality coefficient.
The training is based on Equation 5. Minimizing this formula is to minimize the MMD and MSE so that the distance between the source domain and the target domain can be as small as possible in different potential spaces, and the index prediction is as close as possible to the actual index.
In summary, the method proposed in this study follows the algorithm, as shown in Algorithm 1.
Algorithm 1:. A regression method for EEG-based cross-dataset fatigue detection.
Input: The EEG data on the source domain and target domain, [image: image] and [image: image].
The labels of source domain [image: image], epoch N and batch size B, learning rate lr, parameters [image: image];
Output: prediction of target domain data, [image: image].
Step 1: Pre-training
Initialize the parameters of the model
1. for (epoch ← 1; epoch ≤ N; epoch ← epoch + 1) do
2. repeat
3. Sample source examples [image: image] from [image: image];
4. Sample target examples [image: image] from [image: image];
5. Sample labels “0” (source domain) and “1” (target domain);
5. Use [image: image] to extract [image: image] and [image: image];
6. [image: image] and [image: image] are input into the [image: image] to compute the cross-entropy loss;
7. Update the model by minimizing the cross-entropy loss;
8. end for Step 2: Domain-specific adaptive
Initialize domain-specific feature extractor [image: image]
9. for (epoch ← 1; epoch ≤ N; epoch ← epoch + 1) do
10. repeat
11. Sample source examples [image: image] from [image: image];
12. Sample target examples [image: image] from [image: image];
13. Use [image: image] to extract [image: image];
14. [image: image] are input into [image: image] to compute [image: image]
15. Concat [image: image] to regression multilayer perceptron [image: image] to calculate the [image: image] (4);
16. The total loss is [image: image] (5);
17. Update the model by minimizing the total loss;
18. end for 19. Input [image: image] into the updated model to predict;
20. return prediction of target domain data, [image: image].
3 RESULTS
3.1 Dataset evaluation
In order to develop a model that can adapt to different fatigue tasks, we need to select a dataset with large information as the source domain and another as the target domain. Therefore, we need to reasonably judge the richness of each dataset and the information it contains.
First, this study evaluates the distributions of two datasets. The SEED dataset and multi-channel dataset have different experimental tasks, so they may present different features. Therefore, the amount of information contained in each dataset should be evaluated comprehensively in order to select the appropriate source and target domains. Figure 7 shows the boxplot of the fatigue index distribution of the SEED and multi-channel datasets. Meanwhile, in order to see the distributions of the three states of the two datasets more directly, this study randomly picked out almost 256 EEG samples from the two datasets (each dataset has 128 samples) to visualize them with Uniform Manifold Approximation and Projection (UMAP) (Banville et al., 2021) via a 3-D scatter plot, as shown in Figures 8A, B. In addition, their boxplot and violin plot are displayed in Figure 8C.
[image: Figure 7]FIGURE 7 | Fatigue index distribution of the SEED and multi-channel datasets. SEED_0, SEED_1, and SEED_2 indicate awake, fatigue, and drowsy states of the SEED dataset, respectively. Multi-channel_0, multi-channel_1, and multi-channel_2 indicate awake, fatigue, and drowsy states of the multi-channel dataset, respectively.
[image: Figure 8]FIGURE 8 | Distributions of the three states of the two datasets. (A) 3-D scatter plot of EEG samples of the SEED dataset. (B) 3-D scatter plot of EEG samples of the multi-channel dataset. Yellow color indicates the awake state of the two datasets, blue indicates the fatigue state, and red indicates the drowsy state in (A) and (B). (C) Boxplot and violin plot of EEG samples of the two datasets. SEED_0, SEED_1, and SEED_2 indicate awake, fatigue, and drowsy states of the SEED dataset, respectively. Multi-channel_0, multi-channel_1, and multi-channel_2 indicate awake, fatigue, and drowsy states of the multi-channel dataset, respectively.
It can be seen from Figure 7 that the fatigue index of the SEED dataset has a more centralized distribution with no outliers, while that of the multi-channel dataset has more outliers on “multi-channel_0.” Also, the multi-channel dataset is wider than the SEED dataset. It means that the changes of the multi-channel dataset are greater and scattered. In addition, it can be seen from Figure 8A that the SEED dataset has more transition features from awake to fatigue and from fatigue to drowsy states. However, the multi-channel dataset has less crossover (Figure 8B), which is not conducive to extract the transition features. We can observe from Figures 8A, C that the SEED dataset had a more concentrated EEG distribution and fewer outliers. Therefore, the SEED dataset is more suitable as the source domain. It is noteworthy that for different data, the range of the data after dimensionality reduction is different (Li et al., 2022). This study only shows the visualization effect of the proposed method here.
3.2 Experiment details
It should be noted although all the samples in the SEED and multi-channel datasets are labeled, the labels of the multi-channel dataset are used only for assessment but not for training. In the experiment, one sample size was 17*1024. In addition, the size of the GRU hidden layer is 64, and the number of hidden layers is 1. The optimizer uses a combination of the stochastic gradient descent and cosine gradually warm-up learning rate. In the cosine learning rate, every 100 epochs are half of the period of the cosine function, and the learning rate is 0.05 at most and 0.001 at least. In the gradually warm-up learning rate, the learning rate in the first 10 epochs is very small, and the learning rate starts to follow the change of the cosine learning rate from the epoch 11. The momentum in the optimizer is 0.9, and the weight decay rate is 0.001. [image: image] is 0.3. To avoid overfitting the source domain, this study also adds a dropout with a rate of 0.25 to the model. At each epoch, every 32 samples as a batch are used to train the network. The study used a single-layer multilayer perceptron (MLP) with one node as the regression multilayer perceptron and MLP with a 64-node domain distribution alignment network. All experiments are conducted in PyTorch libraries with an NVIDIA GeForce GTX 3060 GPU. All codes generated in this study are available at GitHub: https://github.com/yangyangyang-github/RMCDFD.
3.3 Performance evaluation
Different performance measurements, such as precision, recall, F1 score, accuracy, and root mean square error (RMSE), have been used to confirm the performance of the proposed method.
[image: image]
[image: image]
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[image: image]
[image: image]
where TP, TN, FP, and FN represent the number of true positive, true negative, false positive, and false negative values. [image: image] is the true value, and [image: image] is the prediction.
3.4 Result
To validate the proposed method, this study compares the proposed method with the random value (33.33%). Likewise, we also compare the performance with that of other state-of-the-art domain adaptation methods, including transfer component analysis (TCA) (Pan et al., 2011), MIDA (Liu et al., 2020), InstanceEasyTL (Zeng et al., 2020), dynamic domain adaptation (DDA) (Li et al., 2022), and ADAST (Eldele et al., 2022). Meanwhile, in order to verify the effectiveness of source domain and target domain selection, this study compares the performance of all methods under two scenarios: 1) SEED → multi-channel and 2) multi-channel → SEED. These baselines are summarized as follows, and Table 1 shows the main results of five-fold cross-validation, which is averaged after 10 runs.
TABLE 1 | Recall, precision, F1 score, accuracy, and RMSE performances.
[image: Table 1]TCA: It seeks a projection to a latent subspace, where the projected source data and target data achieve a reduced MMD in a reproducing kernel Hilbert space, which measures the distance between the empirical means of two distributions.
MIDA: It uses the Hilbert–Schmidt independence criterion to evaluate the independence of potential subspaces and hopes that the maximum independence of subspaces can be achieved.
InstanceEasyTL: In order to match the different distribution of EEG signals from different subjects, it adopts a strategy of alignment with certain weights to align EEG samples collected from both source and target domains.
DDA: It introduces a dynamic training strategy where the model focuses on optimizing the global domain discrepancy in the early training steps and then gradually switches to the local subdomain discrepancy.
ADAST: It develops a mechanism to preserve the domain-specific features in both domains. In addition, it designs an iterative self-training strategy to improve the classification performance on the target domain via target domain pseudo labels.
Table 1 reports the recall, precision, F1 score, accuracy, and RMSE metrics of the proposed methods in two-domain transfer scenarios. It can be seen from Table 1 that the proposed method achieves a better result in the two-domain transfer scenarios. In the first scenario, the recall, precision, F1 score, and accuracy metrics achieved by the proposed method are 44.81%, 47.83%, 46.27%, and 59.10%, which significantly outperforms TCA by 10.55%, 11.31%, 10.92%, and 16.72%, respectively. In the second scenario also, the proposed method performs better than the others. In addition, the recall, precision, and F1 score metrics of the first scenario are about 5% higher than those of the second scenario, and the accuracy metric is 13.89% higher than that in the second scenario. Meanwhile, the RMSE in the first scenario was 0.02 higher than in the second scenario. Therefore, the comparison of the two scenarios in Table 1 verifies the effectiveness of the selection of the source and target domains. In the following experimental verification, the first scenario is taken as an example.
In Table 1, the results illustrate the advantages of the proposed method over other methods. To make the comparison more intuitive, this study visualizes the results of all methods using UMAP (Banville et al., 2021), and they are shown in Figure 9.
[image: Figure 9]FIGURE 9 | Visualized results of all methods. (A) Proposed method. (B) TCA. (C) MIDA. (D) InstanceEasyTL. (E) DDA. (F) ADAST. Yellow color indicates the awake state of the dataset, blue indicates the fatigue state, and red indicates the drowsy state. SEED_0, SEED_1, and SEED_2 indicate awake, fatigue, and drowsy states of the SEED dataset, respectively. Multi-channel_0, multi-channel_1, and multi-channel_2 indicate the awake, fatigue, and drowsy states of the multi-channel dataset, respectively.
3.5 Ablation experiment
In order to deeply understand the effect of attention, GRU, and pre-training, this study also compares the performance of the proposed method without attention (no attention), without GRU (no GRU), and without pre-training (no pre-training). It is also shown in Table 2.
TABLE 2 | Cross-dataset fatigue detection results.
[image: Table 2]As can be observed from Table 2, the proposed method’s accuracy is about 10% more than those of other methods. Specifically, the precision of the proposed method in the drowsy state is 40% higher than that of no pre-training, the recall is more than 20%, and the F1 score is more than 30%. It can also be seen from Table 2 that no pre-training method shows poor recognition performance in the drowsy state. The other three methods all have a pre-training part, and all of them perform better than the no pre-training model in terms of indicators of the drowsy state. Moreover, it is of note that although a certain module is removed, the proposed method is still better than the random value.
In order to intuitively show how the proposed method reduces the distribution discrepancies between the domains, this study exhibits the outputs of the different stages via UMAP. Figures 10A–C show the distributions of original EEG samples, distributions after pre-training, and distributions after domain-specific adaptation, respectively. The distributions of the no attention, no GRU, and no pre-training are shown in Figures 10D–F, respectively. As can be seen from Figure 10B, the raw EEG data from the source and target domains are gathered into two groups by pre-training, which demonstrates the data distribution discrepancy between the source and target domains. Figure 10C proves that the proposed method reduces the difference at the domain level. It is obvious from Figures 10D–F that the three methods all have scattered data points that have not been aggregated, and the classification boundary is not obvious.
[image: Figure 10]FIGURE 10 | Outputs of the different stages. (A) Original EEG sample distribution of the two datasets. (B) Distribution after pre-training. Specifically, black indicates the SEED dataset, and red indicates the multi-channel dataset of (A) and (B). (C) Distribution after the domain-specific adaptive step. (D) Distribution of no attention. (E) Distribution of no GRU. (F) Distribution of no pre-training. In (C), (D), (E), and (F), yellow indicates the awake state of the dataset, blue indicates the fatigue state, and red indicates the drowsy state. SEED_0, SEED_1, and SEED_2 indicate awake, fatigue, and drowsy states of the SEED dataset, respectively. Multi-channel_0, multi-channel_1, and multi-channel_2 indicate the awake, fatigue, and drowsy states of the multi-channel dataset, respectively.
3.6 Effects of labeled data
Utilization of a small amount of target labels can effectively improve accuracy (Li et al., 2022). Thus, this study deliberately investigates the relationship between the amount of target labels and the method performance. Here, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, and 0.8 of the number of target labels are added to fine-tune the model. The performance of the proposed method is compared to the methods presented in Section 3.4 and Section 3.5. The accuracy and RMSE are shown in Figures 11, 12, respectively.
[image: Figure 11]FIGURE 11 | Accuracy after adding labels. Specifically, bold red indicates the accuracy of the proposed method. (A) Results compared with methods of Section 3.4. (B) Results compared with methods of Section 3.5.
[image: Figure 12]FIGURE 12 | RMSE after adding labels. Specifically, red indicates the accuracy of the proposed method, which achieves better performance.
As shown in Figure 11, once the labeled data are added, the performance of the method significantly improves, as expected (Li et al., 2022). This emphasizes the importance of the labeled data. In particular, the proposed method shows excellent performance in a small number of labeled samples. Meanwhile, it can be seen from Figure 12 that the RMSE of the proposed method is kept at a low level, and with the increase of labeled samples, the RMSE of all methods decreases.
4 DISCUSSION
In terms of fatigue detection methods, fatigue is mainly judged from facial expressions, physiological signals, and questionnaire surveys. The existing fatigue detection methods are almost within-subject and cross-subject fatigue detection. However, they need a large amount of EEG data for training, which is resource-consuming and impractical when faced with a new dataset. It is a worth exploring question to develop a model that can adapt to a variety of datasets.
Therefore, this study proposes a regression method for EEG-based cross-dataset fatigue detection. To validate the performance, this study compares the proposed method with that of other state-of-the-art domain adaptation methods. It can be seen from Table 1 that the proposed method outperforms all other methods, which does not need any labeled target data. Meanwhile, the comparison of the two scenarios in Table 1 verifies the validity of the selection of source and target domains, which means that the dataset with rich information is more suitable for the source domain. In addition, as can be seen from Figure 9A, the proposed method better aggregates each state, while other methods (Figures 9B–F) do not overlap the center of the same state.
For the proposed method, in the pre-training step, different domains should be mapped into the same space to distinguish samples of different datasets to extract specific features for different tasks. As can be seen from Table 2, the model without pre-training performs worse in the drowsy state than the model with pre-training. As can be seen from Figure 10F, the distribution of the model without pre-training is not concentrated in the drowsy state. Pre-trained models have a more aggregated distribution with fewer scattered data points. These validate the results of Table 2 and suggest that pre-training contributes to cross-dataset fatigue detection.
Then, the domain-specific adaptive step makes the multi-source domain and the multi-target domain closer, and the sample is highly aggregated. We can notice that this step can reduce the domain discrepancy at the domain level in the comparison between Figures 10B, C. It shows that it is effective to perform adaption alignment on top of specific features, which can avoid the occurrence of misalignment and learn fatigue-aware fine-grained transfer features (Li et al., 2022).
Since fatigue is a continuously changing sequence rather than several discrete states, the accuracies of no attention and no GRU are lower. We can see from Figures 10D, E that the conditional distribution of source and target domains using no attention and no GRU model matched, and aligned distributions are not well aggregated. As shown in the fatigue state in Figure 10D, there are still scattered points that have not been aggregated. In addition, fatigue and drowsy states are not concentrated in one area, so is the drowsy state in Figure 10E. This may be due to a lack of temporal and spatial information related to fatigue.
In addition, this study studies the effect of labeled samples on the results. We can observe from Figure 11 that the more labeled the data, the better the classification. This further validates the idea of supervised learning. However, considering a weak correlation between the target and source domains, blindly increasing the amount of source data does not improve the accuracy and causes computational burden (Wang Y. et al., 2021). It can also be seen from the results of Figure 11 that with the increase in the number of labeled samples, the performance does not increase monotonously. There is no denying that with the increase in the samples, the performance of the proposed method is clearly improved. At the same time, this also shows that if there are labeled samples in the actual target, then these samples should be used. We choose the unsupervised domain adaptation approach only when the target is completely unmarked.
Although this study proposes a regression method for EEG-based cross-dataset fatigue detection, there are still some limitations. Although the specific experimental design of the two datasets is different, they are all fatigue caused by driving tasks. The model may not perform well in the face of more fatigue datasets, such as those caused by sleep deprivation. Therefore, we will further study how to minimize the differences in fatigue caused by different tasks. In addition, the accuracy of the proposed method is only 59.10%. It is a little low, and part of the reason may be that the fatigue evaluation indexes are not necessarily 100% correct. The use of the behavioral index (RT in this study) to evaluate fatigue needs further development.
5 CONCLUSION
Since the cross-dataset fatigue detection model can extract general features of fatigue, it does not need to be retrained when facing new datasets. However, no one has studied this problem previously. Therefore, the study proposes a regression method for EEG-based cross-dataset fatigue detection, which mainly includes two steps: pre-training and the domain-specific adaptive step. In the pre-training step, this study designs a pretext task to distinguish data from the source or target domain. In this way, the specific features of different fatigue-induced tasks can be obtained. In the domain-specific adaptive step, this study proposes an EEG-based domain-adaptive fatigue detection network, including a domain-specific feature extractor, domain distribution alignment network, and regression multilayer perceptron. This step focuses on minimizing the data distribution difference between the source and target domains by using MMD. The accuracy and RMSE achieved by the proposed method are 59.10% and 0.27, respectively, which significantly outperforms state-of-the-art domain adaptation methods. In addition, this study also discusses the effect of labeled samples. When the number of labeled samples is 10% of the total number, the accuracy of the proposed model can reach 66.21%. The proposed method can be used for reference in the field of cross-dataset fatigue detection. In the future, we will investigate the EEG-based cross-dataset fatigue detection method due to different fatigue-induced tasks.
DATA AVAILABILITY STATEMENT
The original contributions presented in the study are included in the article/Supplementary Material; further inquiries can be directed to the corresponding authors.
AUTHOR CONTRIBUTIONS
DY, JY, CL, and PZ conceived and designed the study. DY, CL, and JY organized the database. DY, JY, and PZ drafted the manuscript. DY, PZ, YJ, and XX revised the manuscript. All authors contributed to the article and approved the submitted version.
FUNDING
This work was sponsored by the Science and Technology Commission of Shanghai Municipality (No. 22xtcx00300) and the Development Fund for Shanghai Talents (No. 2020010).
ACKNOWLEDGMENTS
The authors would like to thank PZ and CL for their help with designing this study.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors, and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
REFERENCES
 Banville, H., Chehab, O., Hyvärinen, A., Engemann, D.-A., and Gramfort, A. (2021). Uncovering the structure of clinical EEG signals with self-supervised learning. J. Neural Eng. 18, 046020. doi:10.1088/1741-2552/abca18
 Bulling, A., Ward, J. A., Gellersen, H., and Tröster, G. (2011). Eye movement analysis for activity recognition using electrooculography. IEEE Trans. Pattern Anal. Mach. Intell. 33, 741–753. doi:10.1109/TPAMI.2010.86
 Cao, J., He, X., Yang, C., Chen, S., Li, Z., and Wang, Z. (2022). Multi-source and multi-representation adaptation for cross-domain electroencephalography emotion recognition. Front. Psychol. 12, 809459. doi:10.3389/fpsyg.2021.809459
 Cao, Z., Chuang, C.-H., King, J.-K., and Lin, C.-T. (2019). Multi-channel EEG recordings during a sustained-attention driving task. Sci. Data 6, 19. doi:10.1038/s41597-019-0027-4
 Chen, H., Jin, M., Li, Z., Fan, C., Li, J., and He, H. (2021). MS-MDA: Multisource marginal distribution adaptation for cross-subject and cross-session EEG emotion recognition. Front. Neurosci. 15, 778488. doi:10.3389/fnins.2021.778488
 Chen, L., Zhang, H., Xiao, J., Nie, L., Shao, J., Liu, W., et al. (2017). “SCA-CNN: Spatial and Channel-wise attention in convolutional networks for image captioning,” in IEEE Conference on Computer Vision and Pattern Recognition (CVPR),  (Honolulu, HI, USA, 21-26 July 2017).
 Ding, K. M., Kimura, T., Fukui, K. i., and Numao, M. (2021). “EEG emotion enhancement using task-specific domain adversarial neural network,” in International Joint Conference on Neural Networks (IJCNN),  (Shenzhen, China, 18-22 July 2021).
 Du, G., Long, S., Li, C., Wang, Z., and Liu, P. X. (2022). A product fuzzy convolutional network for detecting driving fatigue. IEEE Trans. Cybern. 1-14, 1–14. doi:10.1109/tcyb.2021.3123842
 Eldele, E., Ragab, M., Chen, Z., Wu, M., Kwoh, C. K., Li, X., et al. (2022). Adast: Attentive cross-domain EEG-based sleep staging framework with iterative self-training. IEEE Trans. Emerg. Top. Comput. Intell. 7. 210–221. doi:10.1109/TETCI.2022.3189695
 Foong, R., Ang, K. K., Zhang, Z., and Quek, C. (2019). An iterative cross-subject negative-unlabeled learning algorithm for quantifying passive fatigue. J. Neural Eng. 16, 056013. doi:10.1088/1741-2552/ab255d
 Gao, Z., Li, S., Cai, Q., Dang, W., Yang, Y., Mu, C., et al. (2019). Relative wavelet entropy complex network for improving EEG-based fatigue driving classification. IEEE Trans. Instrum. Meas. 68, 2491–2497. doi:10.1109/tim.2018.2865842
 Gregor, K., Danihelka, I., Graves, A., Rezende, D. J., and Wierstra, D. (2015). Draw: A recurrent neural network for image generation. Int. Conf. Mach. Learn. 37, 1462–1471. 
 He, H., and Wu, D. (2020). Different set domain adaptation for brain-computer interfaces: A label alignment approach. IEEE Trans. Neural Sys. Rehabilitation Eng. 28, 1091–1108. doi:10.1109/TNSRE.2020.2980299
 He, Z., Zhong, Y., and Pan, J. (2022). An adversarial discriminative temporal convolutional network for EEG-based cross-domain emotion recognition. Comput.Bio. Med. 141, 105048. doi:10.1016/j.compbiomed.2021.105048
 Hu, S., and Zheng, G. (2009). Driver drowsiness detection with eyelid related parameters by Support Vector Machine. Expert Syst. Appl. 36, 7651–7658. doi:10.1016/j.eswa.2008.09.030
 Huang, K. C., Huang, T. Y., Chuang, C. H., King, J. T., Wang, Y. K., Lin, C. T., et al. (2016). An EEG-based fatigue detection and mitigation system. Int. J. neural Syst. 26, 1650018. doi:10.1142/S0129065716500180
 Iyer, A., Das, S. S., Teotia, R., Maheshwari, S., and Sharma, R. R. (2023). CNN and LSTM based ensemble learning for human emotion recognition using EEG recordings. Multimed. Tools Appl. 82, 4883–4896. doi:10.1007/s11042-022-12310-7
 Kong, W., Jiang, B., Fan, Q., Zhu, L., and Wei, X. (2018). Personal identification based on brain networks of EEG signals. J. Appl. Math. Comput. Sci. 28, 745–757. doi:10.2478/amcs-2018-0057
 Kostas, D., Aroca-Ouellette, S., and Rudzicz, F. (2021). Bendr: Using transformers and a contrastive self-supervised learning task to learn from massive amounts of EEG data. Front. Hum. Neurosci. 15, 653659. doi:10.3389/fnhum.2021.653659
 Krigolson, O. E., Hammerstrom, M. R., Abimbola, W., Trska, R., Wright, B. W., Hecker, K. G., et al. (2021). Using muse: Rapid mobile assessment of brain performance. Front. Neurosci. 15, 634147. doi:10.3389/fnins.2021.634147
 Li, Z., Zhu, E., Jin, M., Fan, C., He, H., Cai, T., et al. (2022). Dynamic domain adaptation for class-aware cross-subject and cross-session EEG emotion recognition. IEEE J. Biomed. Health Inf. 26, 5964–5973. doi:10.1109/JBHI.2022.3210158
 Liqiang, Y., Li, R., Cui, J., and Mohammed, S. Y. (2022). Entropy-guided robust feature domain adaptation for eeg-based cross-dataset drowsiness recognition. [Preprint]. Available at SSRN: https://ssrn.com/abstract=4274381. 
 Liu, W., Qian, J., Yao, Z., Jiao, X., and Pan, J. (2019a). Convolutional two-stream network using multi-facial feature fusion for driver fatigue detection. Future Internet 11, 115. doi:10.3390/fi11050115
 Liu, Y., Lan, Z., Cui, J., Sourina, O., and Müller-Wittig, W. (2019b). “EEG-based cross-subject mental fatigue recognition,” in International Conference on Cyberworlds (CW),  (Kyoto, Japan, 02-04 October 2019).
 Liu, Y., Lan, Z., Cui, J., Sourina, O., and Müller-Wittig, W. (2020). Inter-subject transfer learning for EEG-based mental fatigue recognition. Adv. Eng. Inf. 46, 101157. doi:10.1016/j.aei.2020.101157
 Mnih, V., Heess, N., Graves, A., and Kavukcuoglu, K. (2014). Recurrent Models of Visual Attention advances in neural information processing systems. Neural Inf. Process. Syst. (NIPS) 27. 
 Murugan, S., Selvaraj, J., and Sahayadhas, A. (2020). Detection and analysis: Driver state with electrocardiogram (ECG). Phy. Eng. Sci. Med. 43, 525–537. doi:10.1007/s13246-020-00853-8
 Ni, T., Ni, Y., Xue, J., and Wang, S. (2021). A domain adaptation sparse representation classifier for cross-domain electroencephalogram-based emotion classification. Front. Psychol. 12, 721266. doi:10.3389/fpsyg.2021.721266
 Pan, S. J., Tsang, I. W., Kwok, J. T., and Yang, Q. (2011). Domain adaptation via transfer component analysis. IEEE Trans. Neural Netw. 22, 199–210. doi:10.1109/TNN.2010.2091281
 Peng, Y., Wong, C. M., Wang, Z., Rosa, A. C., Wang, H. T., and Wan, F. (2021). Fatigue detection in SSVEP-BCIs based on wavelet entropy of EEG. IEEE Access 9, 114905–114913. doi:10.1109/access.2021.3100478
 Qi, M. S., Yang, W. J., Xie, P., Liu, Z. J., Zhang, Y. Y., and Cheng, S. C. (2018). Chinese automation congress (CAC). Piscataway: IEEE. 
 Qin, X., Yang, P., Shen, Y., Li, M., Hu, J., and Yun, J. (2020). International symposium on computer. Consumer and control (IS3C). 
 Sharma, R., Sahu, S. S., Upadhyay, A., Sharma, R. R., and Sahoo, A. K. (2021). “Sleep stages classification using DWT and dispersion entropy applied on EEG signals,” in Analysis of medical modalities for improved diagnosis in modern healthcare (Boca Raton: CRC Press), 344. 
 Smith, M. R., Coutts, A. J., Merlini, M., Deprez, D., Lenoir, M., and Marcora, S. M. (2016). Mental fatigue impairs soccer-specific physical and technical performance. Med. Sci. Sports Exerc. 48, 267–276. doi:10.1249/MSS.0000000000000762
 Tao, J., and Dan, Y. (2021). Multi-source Co-adaptation for EEG-based emotion recognition by mining correlation information. Front. Neurosci. 15, 677106. doi:10.3389/fnins.2021.677106
 Wang, H., Xu, L., Bezerianos, A., Chen, C., and Zhang, Z. (2021a). Linking attention-based multiscale CNN with dynamical GCN for driving fatigue detection. IEEE Trans. Instrum. Meas. 70, 1–11. doi:10.1109/tim.2020.3047502
 Wang, Y., Liu, J., Ruan, Q., Wang, S., and Wang, C. (2021b). Cross-subject EEG emotion classification based on few-label adversarial domain adaption. Expert sys. app. 185, 115581. doi:10.1016/j.eswa.2021.115581
 Wei, C. S., Lin, Y. P., Wang, Y. T., Lin, C. T., and Jung, T. P. (2018). A subject-transfer framework for obviating inter- and intra-subject variability in EEG-based drowsiness detection. NeuroImage 174, 407–419. doi:10.1016/j.neuroimage.2018.03.032
 Woo, S., Park, J., Lee, J.-Y., and Kweon, I. S. (2018). “Cbam: Convolutional block attention module,” in Computer Vision – ECCV,  (Munich, Germany, September 8-14, 2018).
 Yang, Y., Gao, Z., Li, Y., Cai, Q., Marwan, N., and Kurths, J. (2021b). A complex network-based broad learning system for detecting driver fatigue from EEG signals. IEEE Trans. Sys., Man. Cyb. Sys. 51, 5800–5808. doi:10.1109/tsmc.2019.2956022
 Yang, Y., Gao, Z., Li, Y., and Wang, H. (2021a). A CNN identified by reinforcement learning-based optimization framework for EEG-based state evaluation. J. Neural Eng. 18, 046059. doi:10.1088/1741-2552/abfa71
 Ye, J., Xiao, Q., Wang, J., Zhang, H., Deng, J., and Lin, Y. (2022). CoSleep: A multi-view representation learning framework for self-supervised learning of sleep stage classification. IEEE Sig. Pro. Lett. 29, 189–193. doi:10.1109/lsp.2021.3130826
 Zeng, H., Li, X., Borghini, G., Zhao, Y., Aricò, P., Di Flumeri, G., et al. (2021). An EEG-based transfer learning method for cross-subject fatigue mental state prediction. Sensors 21, 2369. doi:10.3390/s21072369
 Zeng, H., Zhang, J., Zakaria, W., Babiloni, F., Gianluca, B., Li, X., et al. (2020). InstanceEasyTL: An improved transfer-learning method for EEG-based cross-subject fatigue detection. Sensors 20, 7251. doi:10.3390/s20247251
 Zheng, W.-L., and Lu, B.-L. (2017). A multimodal approach to estimating vigilance using EEG and forehead EOG. J. Neural Eng. 14, 026017. doi:10.1088/1741-2552/aa5a98
Conflict of interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2023 Yuan, Yue, Xiong, Jiang, Zan and Li. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
OPS/images/inline_26.gif





OPS/images/inline_25.gif





OPS/images/inline_28.gif





OPS/images/inline_27.gif
INAEX [T, (i+1)T]





OPS/images/inline_22.gif
index





OPS/images/inline_21.gif
Ny, Ny |





OPS/images/inline_24.gif





OPS/images/inline_23.gif
(N, N>|







OPS/images/inline_2.gif





OPS/images/inline_95.gif
MSE(Y,Y)






OPS/images/inline_19.gif
Ty





OPS/images/inline_96.gif






OPS/images/inline_20.gif
[(N;, N |





OPS/images/inline_94.gif





OPS/images/inline_99.gif





OPS/images/math_1.gif
DI = max (o

Sve=cr)

0





OPS/images/inline_97.gif





OPS/images/inline_98.gif





OPS/images/math_3.gif
MMD(|K’ o} ) |~z (i) 52 ([n })|





OPS/images/math_10.gif
RMSE(Y. ¥) (10






OPS/images/math_2.gif
[

T

" indexid,
i Ny e,

-





OPS/images/inline_16.gif
Ky,





OPS/images/inline_15.gif





OPS/images/inline_18.gif





OPS/images/inline_17.gif
Ky,





OPS/images/inline_12.gif





OPS/images/inline_14.gif





OPS/images/inline_13.gif





OPS/images/inline_100.gif
= (Vs Varee s V)





OPS/images/math_6.gif
Precision = ©

TETD





OPS/images/inline_10.gif





OPS/images/math_7.gif
Recall

@)





OPS/images/inline_11.gif





OPS/images/math_4.gif
@





OPS/images/inline_101.gif





OPS/images/math_5.gif
Liow = MSE(Y.¥) +a xMMD((K).‘VVV{R\‘}’v')- ©





OPS/images/math_8.gif
" Recall
Procieio+ Recall”

Fiscore = ®





OPS/images/math_9.gif
Liandr.

"P+TN + EN + FP )

Accuracy =






OPS/images/inline_79.gif
Fe (X))





OPS/images/inline_78.gif
Fo(Xg)





OPS/images/inline_80.gif
Fo(Xg)





OPS/images/inline_8.gif
X Xy, € R





OPS/images/inline_77.gif





OPS/images/inline_76.gif





OPS/images/fphys-14-1196919-t001.jpg
SEED — multi-channel Multi-channel — SEED

Precision (%) F1 Accuracy RMSE Recall (%) Precision (%) F1 score (%) Accuracy (%) RMSE
score (%) (%)

Proposed method 4481 a7.83 4627 590 027 3989 3926 957 w21 029
A 3426 3652 3535 a3 034 3356 321 8 3161 031
MDA 12 598 308 838 031 3489 3687 3585 3697 031
InstanceEasyTL 28 3768 a1 521 028 3892 79 030 259 030
DA 334 1658 1206 516 028 3785 3073 377 426 030
ADAST 021 3964 3092 s036 0 3046 3845 395 3895 030

Tha e 1o il inaaae Ao





OPS/xhtml/nav.xhtml
Contents

		Cover

		A regression method for EEG-based cross-dataset fatigue detection		1 Introduction

		2 Materials and methods		2.1 Problem statement

		2.2 Datasets

		2.3 Proposed method





		3 Results		3.1 Dataset evaluation

		3.2 Experiment details

		3.3 Performance evaluation

		3.4 Result

		3.5 Ablation experiment

		3.6 Effects of labeled data





		4 Discussion

		5 Conclusion

		Data availability statement

		Author contributions

		Funding

		Acknowledgments

		Publisher’s note

		References









OPS/images/fphys-14-1196919-g012.gif





OPS/images/inline_1.gif
(X, Y} = { (x5, y5)





OPS/images/fphys-14-1196919-t002.jpg
No attenti No GRU

Accuracy (%) 59.10 49.56 4445 46.74
Precision (%) Awake 77.25 92.50 8107 4713
Fatigue 17.46 2030 17.81 4667

Drowsy 4879 932 2045 0
Recall (%) Awake 7371 57.76 5244 2357
Fatigue 3572 90.53 7655 87.29

Drowsy 25.00 024 113 0
FI score Awake 75.44 7111 63.68 3142
Fatigue 23.45 3307 28.89 60.82

Drowsy 33.06 046 214 0
RMSE 027 027 035 027






OPS/images/inline_82.gif





OPS/images/inline_81.gif
Fe (X))





OPS/images/fphys-14-1196919-g011.gif





OPS/images/inline_84.gif





OPS/images/fphys-14-1196919-g010.gif





OPS/images/inline_83.gif





OPS/images/crossmark.jpg
©

|





OPS/images/fphys-14-1196919-g005.gif





OPS/images/inline_69.gif
Ay





OPS/images/fphys-14-1196919-g006.gif
g
/

T
e >

T sigmod
<~,—>@—>0Q

sgmois
oy Wl — N — - >°v=wl>






OPS/images/inline_68.gif





OPS/images/fphys-14-1196919-g003.gif





OPS/images/inline_70.gif





OPS/images/fphys-14-1196919-g004.gif
obet  EEG  EEG  FEG
sqgment 1 _segment)_segment 3

Random Sequence of BEG. .
offset segments.





OPS/images/inline_7.gif
Y. € RV





OPS/images/fphys-14-1196919-g009.gif





OPS/images/fphys-14-1196919-g007.gif





OPS/images/inline_67.gif





OPS/images/fphys-14-1196919-g008.gif





OPS/images/inline_75.gif





OPS/images/fphys-14-1196919-g001.gif





OPS/images/inline_72.gif





OPS/images/fphys-14-1196919-g002.gif





OPS/images/inline_71.gif





OPS/images/inline_74.gif





OPS/images/inline_73.gif





OPS/images/inline_85.gif
(X, Y}





OPS/images/inline_86.gif





OPS/images/inline_89.gif
(Re,}" and {Rs, ];





OPS/images/inline_9.gif





OPS/images/inline_87.gif





OPS/images/inline_88.gif





OPS/images/inline_92.gif
MMD ({Ry, |, {Rx,,}',v‘) 3)





OPS/images/inline_93.gif





OPS/images/inline_90.gif
(Re,}" and {Rs, ];





OPS/images/inline_91.gif





OPS/images/inline_59.gif
D f





OPS/images/inline_58.gif
(R} and {R, }

N
i





OPS/images/inline_60.gif





OPS/images/inline_6.gif
X, € RN





OPS/images/inline_66.gif





OPS/images/inline_65.gif





OPS/images/inline_62.gif
Gy





OPS/images/inline_61.gif
D f





OPS/images/inline_64.gif





OPS/images/inline_63.gif





OPS/images/logo.jpg
,frontiers ‘ Frontiers in Physiology





OPS/images/inline_49.gif





OPS/images/inline_50.gif





OPS/images/inline_5.gif
X, € R¥N:





OPS/images/inline_56.gif





OPS/images/inline_55.gif
D f





OPS/images/inline_57.gif





OPS/images/inline_52.gif
fim [P (Ys1Xs) = Po(YelXo)]

.





OPS/images/inline_51.gif
lim [P (X) = Pe(Xy))

.





OPS/images/inline_54.gif
D f





OPS/images/inline_53.gif
Gy





OPS/images/inline_40.gif





OPS/images/inline_4.gif





OPS/images/inline_46.gif
S¢





OPS/images/inline_45.gif





OPS/images/inline_48.gif





OPS/images/inline_47.gif





OPS/images/inline_42.gif





OPS/images/inline_41.gif
S¢





OPS/images/inline_44.gif





OPS/images/inline_43.gif





OPS/images/inline_39.gif
L,





OPS/images/inline_30.gif
Cig





OPS/images/inline_36.gif





OPS/images/cover.jpg
& frontiers | Frontiers in Physiology






OPS/images/inline_35.gif





OPS/images/inline_38.gif





OPS/images/inline_37.gif





OPS/images/inline_32.gif
F (X))





OPS/images/inline_31.gif
Fs (X )





OPS/images/inline_34.gif





OPS/images/inline_33.gif





OPS/images/inline_3.gif
(X} = {x,






OPS/images/inline_29.gif





