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Objective: Extracting deep features from participants’ bioelectric signals and constructing models are key research directions in motor imagery (MI) classification tasks. In this study, we constructed a multimodal multitask hybrid brain-computer interface net (2M-hBCINet) based on deep features of electroencephalogram (EEG) and electromyography (EMG) to effectively accomplish motor imagery classification tasks.Methods: The model first used a variational autoencoder (VAE) network for unsupervised learning of EEG and EMG signals to extract their deep features, and subsequently applied the channel attention mechanism (CAM) to select these deep features and highlight the advantageous features and minimize the disadvantageous ones. Moreover, in this study, multitask learning (MTL) was applied to train the 2M-hBCINet model, incorporating the primary task that is the MI classification task, and auxiliary tasks including EEG reconstruction task, EMG reconstruction task, and a feature metric learning task, each with distinct loss functions to enhance the performance of each task. Finally, we designed module ablation experiments, multitask learning comparison experiments, multi-frequency band comparison experiments, and muscle fatigue experiments. Using leave-one-out cross-validation(LOOCV), the accuracy and effectiveness of each module of the 2M-hBCINet model were validated using the self-made MI-EEMG dataset and the public datasets WAY-EEG-GAL and ESEMIT.Results: The results indicated that compared to comparative models, the 2M-hBCINet model demonstrated good performance and achieved the best results across different frequency bands and under muscle fatigue conditions.Conclusion: The 2M-hBCINet model constructed based on EMG and EEG data innovatively in this study demonstrated excellent performance and strong generalization in the MI classification task. As an excellent end-to-end model, 2M-hBCINet can be generalized to be used in EEG-related fields such as anomaly detection and emotion analysis.Keywords: motor imagery, hybrid brain-computer interface, variational autoencoder, channel attention mechanism, multitask learning
1 INTRODUCTION
Movement is a fundamental physiological activity in humans that is essential for maintaining daily life and work. Currently, human movement intention detection has significant potential in the field of artificial intelligence. The brain-computer interface (BCI) (Vidal, 1973) technology used to recognize human movement intentions is referred to as motor imagery (MI) task. MI has widespread applications in rehabilitation therapy (Li et al., 2014), autonomous driving (Yan et al., 2024), and entertainment (Kilteni et al., 2018), making it a research hotspot in the BCI field. The mainstream method for performing MI tasks involves analyzing electroencephalogram (EEG) signals to identify brainwave patterns corresponding to motor intentions, thereby recognizing human motor intentions.
The current methods used by researchers to improve the accuracy of MI tasks can be categorized into the following two types: 1. Continuous optimization and improvement of signal acquisition and classification models (Sreeja et al., 2017; Ravindran and Vinod, 2019), 2. Expanding the scope of information analysis by integrating multiple types of information to achieve the MI task, a method known as hybrid BCI (hBCI) technology. The hBCI has evolved from traditional BCI and offers advantages such as strong stability and high accuracy (Zhang et al., 2007). Depending on their construction, hBCI systems can be divided into three categories: 1. Systems based on the fusion of various EEG paradigms, such as the combination of steady-state visual evoked potentials (SSVEP) and MI paradigms, which enable precise control of complex devices such as robotic arms (Duan et al., 2015); 2. hBCI systems constructed using multimodal stimulation methods, which include the collaborative regulation of SSVEP amplitude (Li et al., 2019) through visual and tactile stimuli to enhance system response, as well as the integration and optimization of visual and auditory signals for the rehabilitation of patients with consciousness disorders, significantly enhancing rehabilitation efficiency (Pan et al., 2018). 3. hBCI systems based on the fusion of various physiological signals, such as the combined use of EEG and electrooculogram (EOG) signals, to significantly boost target recognition accuracy, particularly in target selection tasks, and the deep integration of EEG and electromyography (EMG) signals to further enhance the performance of MI classification tasks (Hooda et al., 2020). Because motor control is directly related to muscle activity, this area is considered a research hotspot and frontier in hBCI.
In the field of bioelectric signal processing, various methods have been proposed for effectively analyzing data and completing MI classification tasks. Traditional machine learning methods primarily extract time-domain, frequency-domain, time-frequency, and nonlinear features from EEG and EMG signals (Jenke et al., 2014; Li et al., 2018), and classify these features using algorithms such as support vector machines (SVM) and k-nearest neighbors (KNN) (Mohammadi et al., 2017; George et al., 2019). However, traditional machine learning methods have limited generalizability, require relevant domain knowledge and expert experience, and cannot completely extract and elucidate the deep features of EEG and EMG signals. With continuing advances in deep learning technology, an increasing number of deep learning models that possess end-to-end capabilities and enhanced performance are being applied to MI classification tasks.
In summary, although current methods for MI classification have achieved significant results, they still have certain limitations. These include heavy reliance on single signal sources such as EEG or EMG, which restricts the comprehensiveness of information and makes the system susceptible to interference, thereby reducing classification accuracy and robustness. EEG captures electrical signals generated by brain activity; however, it is highly susceptible to noise and has significant individual variability. Although EMG signals can directly reflect muscle activity, prolonged or high-intensity usage can lead to muscle fatigue, significantly affecting the stability and reliability of EMG signals, and complicating continuous and effective MI classification. Traditional machine learning methods rely on expert knowledge for feature extraction, which limits their ability to generalize and automate, making it challenging to achieve optimal classification performance. Supervised learning can only extract specific features that are typically selected based on labeled data. However, in real-world applications, the label information may not always be available or accurate. Additionally, although some deep learning models possess strong feature extraction capabilities, their performance may be compromised if multimodal information is not completely utilized. These models also face the challenge of balancing complexity and generalization capability.
To address these issues, we propose an end-to-end hBCI model known as 2M-hBCINet, which significantly enhances the accuracy and robustness of classification tasks by fusing EEG and EMG signals. Compared to methods that depend solely on EEG or EMG as a single signal source, this model can comprehensively capture complementary information between brain and muscles during the expression of motor intentions. The model utilized a variational autoencoder (VAE) to extract deep features from EEG and EMG signals and then employed a channel attention mechanism (CAM) to assign varying weights to these features, thereby achieving the goal of feature selection. Subsequently, multitask learning (MTL) was adopted, with MI classification task as the primary task and EEG reconstruction, EMG reconstruction, and feature metric learning as the auxiliary tasks. The concurrent training of these tasks enhanced the model’s performance and generalizability. Additionally, we conducted module ablation experiments to verify the effectiveness of each component within the 2M-hBCINet model, multitask ablation experiments to confirm the efficacy of multitask training, and validated the model’s superiority under various frequency bands (theta (four to eight Hz), alpha (8–13 Hz), beta (13–30 Hz), and gamma (30–50 Hz), as well as under different levels of muscle fatigue. The main contributions of this study are as follows.
1) We propose an MI classification network model called 2M-hBCINet, based on EEG and EMG data. Unsupervised methods were used to extract deep features of EEG and EMG through VAE networks, the features were combined, and CAM was then used to select features.
2) We used an MTL approach to train the model. The primary task in MTL is the MI classification task, and auxiliary tasks include EEG reconstruction, EMG reconstruction, and feature metric learning tasks. This effectively improved the accuracy of the model and enhanced its generalizability.
3) We constructed a self-made dataset called MI-EEMG, collecting EEG and EMG data from 14 participants during MI tasks.
4) Through experiments, we verified the effectiveness of the proposed 2M-hBCINet model. We performed extensive experimental validation using the leave-one-out cross-validation (LOOCV) method, with validation datasets including the self-made dataset MI-EEMG and public datasets WAY-EEG-GAL (Luciw et al., 2014), and Electrophysiological Signals of Embodiment and Ml-BCI Training in virtual reality (VR) (referred to as the ESEMIT dataset in the following text) (Katarina and Athanasios, 2023). The experiments included module ablation, multitask ablation, multi-frequency band comparison, and muscle fatigue experiments, which confirmed the superior performance of the model.
The remainder of this paper is structured as follows: The relevant work, including VAE, CAM, and MTL is introduced in Section 2. Data acquisition methods, data preprocessing, self-made dataset MI-EEMG, and the content of public datasets WAY-EEG-GAL and ESEMIT are described in Section 3. The 2M-hBCINet model proposed based on EEG and EMG signals is elucidated in Section 4 along with the extraction methods of EEG and EMG features, and the MTL strategy. The performance of the 2M-hBCINet model is validated and analyzed through extensive experiments in Section 5. Finally, the conclusions of this study are summarized and potential future directions are discussed in Section 6.
2 RELATED WORK
2.1 VAE
The VAE is a type of deep generative model introduced by Kingma and Welling in 2014, based on variational Bayes inference (Kingma and Welling, 2022). VAE uses two neural networks to establish two probabilistic density models (Rezende and Mohamed, 2016): one for the variational inference of the original input data, generating a variational probabilistic distribution of the latent variables, known as the inference network, and the other generates an approximate probabilistic distribution of the original data based on the generated variational distribution of the latent variables, known as the generative network. VAE is an unsupervised learning method (Pu et al., 2016), and through its powerful probabilistic generation capabilities and variational inference mechanisms, it can effectively capture the variability of bioelectrical signals (EEG, EMG) and extract key information features related to MI tasks. In recent years, VAE has been widely applied in the field of bioelectrical signal processing. For instance, Xia et al. used VAE to map signals to a latent variable distribution and regularized it in tasks involving EEG signal processing, capturing the uncertainty and variability within the signals. This representation in the latent space allows the model to effectively separate noise from useful features and preserve the key information of the signal during denoising and feature extraction (Xia et al., 2023). Chen et al. improved the feature extraction capability and reconstruction effect of EEG signals through VAE and applied a Gaussian prior distribution on the latent features, enabling VAE to capture the main characteristics of the input EEG signals (Chen et al., 2020). In this study, we extracted deep features from EEG and EMG signals using VAE to enhance the representational capacity of features for MI tasks.
2.2 CAM
The CAM is an attention mechanism designed to enhance the performance of convolutional neural networks (CNNs). Initially introduced by Jie et al., in 2017 within Squeeze-and-Excitation Networks (SENet), the core concept of the mechanism involves capturing the global features of channels through global pooling operations, followed by a lightweight self-gating mechanism to learn and recalibrate the importance weights of each channel (Jie et al., 2019). In practical applications, the CAM has been widely used across various research domains. For instance, Tang et al. incorporated a multiscale channel attention mechanism into their proposed architecture of a multi-scale channel attention CNN (MCA-CNN), effectively capturing complex features in the spectral domain (Tang et al., 2024). Wang et al. utilized the CAM to enable CNNs to thoroughly exploit the characteristic information of photoelectric peaks and Compton edges while suppressing background noise and interference, further enhancing the model performance (Wang et al., 2022). These studies indicate that the CAM significantly improves the sensitivity and robustness of CNNs to features. The CAM can achieve the goal of deep feature selection by increasing the weights of advantageous features and decreasing the weights of disadvantageous features (Srivastava et al., 2022), thereby optimizing the model’s training effects. In this study, we employed CAM to select and integrate the deep features of EEG and EMG, effectively enhancing the expressiveness and discriminability of the features.
2.3 MTL
MTL was initially proposed by Caruana (Caruana, 1997) as a method to improve data efficiency and reduce overfitting by sharing models to learn multiple tasks in parallel. MTL refers to the modeling of at least two tasks in a single deep-learning model (Zhou et al., 2018). By sharing some parameters, the MTL can effectively enhance the performance of each task and has been widely applied in the processing of bioelectrical signals. For instance, He et al. proposed a novel end-to-end multimodal multitask neural network model, and showed that the classification accuracy of the MTL approach improved by 4.8%, 4.4%, and 8.6% over single-task methods, respectively (He et al., 2022). In addition, Medhi et al. proposed a deep MTL approach to enhance the detection and classification of arrhythmias in electrocardiogram (ECG) signals. By jointly training multiple related tasks, MTL can capture the commonalities between tasks and improve the performance of each task through shared knowledge, thereby significantly improving the detection and classification of ECG arrhythmias (Medhi et al., 2023). In this study, we adopted the MTL approach to train our model, selecting tasks that included the primary task that is MI classification, and auxiliary tasks such as EEG reconstruction, EMG reconstruction, and feature metric learning tasks, thereby enhancing the model’s generalizability and accuracy.
3 DATASETS AND PREPROCESSING
3.1 Datasets
In this study, we utilized a self-made dataset, MI-EEMG, and publicly available datasets from Mendeley Data, specifically the WAY-EEG-GAL and ESEMIT datasets. The following sections provide a detailed introduction regarding data collection and content information of the in-house dataset, and the content information of the public datasets.
3.1.1 MI-EEMG
For this study, we collected EEG and EMG data from 14 participants performing MI and created an MI-EEMG dataset. The group consisted of six males (average age, 21.5 ± 3.2 years) and eight females (average age, 22.4 ± 4.6 years). All participants were right-handed, had normal vision, no motor impairments, and signed consent forms before the experiment. Participants were informed regarding the experimental procedures and precautions.
The MI-EEMG dataset included three types of MI actions: left hand, right hand, and resting state. Each subject underwent 30 trials of 10-s MI experiments, as shown in Figure 1. EEG electrodes were placed according to the international 10–20 system (Klem et al., 1999), with 32 channels and a sampling frequency of 500 Hz; four EMG electrodes were located on the left biceps (LB), left triceps (LT), right biceps (RB), and right triceps (RT), all with a sampling frequency of 500 Hz.
[image: Figure 1]FIGURE 1 | Experimental process of myoelectric electromyography acquisition. Fourteen participants were informed regarding the experimental procedure and prepared for the experiment within 30 min. They then performed MI tasks (left hand, right hand, and resting state) guided by cross signals on a screen, to complete the collection of electromyography (EMG) signals.
3.1.2 WAY-EEG-GAL
The WAY-EEG-GAL dataset included data from 12 participants who were right-handed, had normal vision, and no motor impairments. During the EEG and EMG data collection process, the participants were instructed to reach out and grasp an object when prompted, lift it using their thumb and index finger, hold it for a few seconds, place it back on the support surface, release it, and finally return their hand to a specified resting position. EEG signals were captured using 32 channels from the international 10–20 system, and the EMG electrodes were positioned on the hands and arms. The experiment involved a total of 3,936 EEG and EMG data collections.
3.1.3 ESEMIT
The ESEMIT dataset included data from 26 participants, including 10 males (average age, 25.4 ± 7.4 years) and 16 females (average age, 23 ± 3.2 years). All the participants were right-handed, had normal vision, and no motor impairments. The ESEMIT dataset includes three types of MI actions: left hand, right hand, and resting state. Each participant underwent a 4-min resting state and 15 min of MI induced by VR for collecting EEG and EMG data. EEG electrodes were placed according to the international 10–20 system, with 32 channels and a sampling frequency of 500 Hz; two EMG electrodes were located on the LB and RB, with a sampling frequency of 500 Hz.
3.2 Preprocessing
3.2.1 EEG preprocessing
The original EEG signals were recorded in this study as shown in Equation 1:
[image: image]
Where [image: image] represents the number of channels for EEG acquisition ([image: image] in this study), [image: image] denotes the number of samples, with [image: image], [image: image] is the sampling time, and [image: image] is the EEG sampling frequency.
EEG data are very weak bioelectrical signals and factors such as ECG signals, electromagnetic waves generated by power components, and inherent noise from the acquisition equipment can cause interference during data collection (Ferracuti et al., 2021). Therefore, it is necessary to preprocess EEG signals to eliminate interference and improve the signal-to-noise ratio. In this study, EEG preprocessing (Sun and Mou, 2023) included baseline correction, 50 Hz notch filtering, 4–50 Hz bandpass filtering, independent component analysis (Zhukov et al., 2000), and removal of EOG artifacts (ElSayed et al., 2021).
3.2.2 EMG preprocessing
The original EMG signals were recorded in this study as shown in Equation 2:
[image: image]
Where [image: image] represents the number of channels for EMG acquisition ([image: image] in this study), [image: image] denotes the number of samples ([image: image]), [image: image] denotes the sampling time, and [image: image] is the EMG sampling frequency.
Similar to EEG signals, EMG signals also require preprocessing to remove noise. This study employed a bandpass filter from 30 to 150 Hz to eliminate the influence of ECG signals, along with a 50 Hz notch filter to remove specific frequency noise.
4 METHODS
Traditional MI classification task models tend to focus on the extraction of explicit features in the time and frequency domains; however, EEG and EMG signals possess a multitude of deep-level characteristics. Based on this, we designed a 2M-hBCINet model that can simultaneously extract deep features of EEG and EMG signals in an unsupervised manner and perform fusion. Additionally, an MTL approach was employed to enhance the performance and generalizability of the model, as shown in the network structure in Figure 2. The model consists of the following three parts: a deep feature extraction module, CAM, and MTL with loss functions.
[image: Figure 2]FIGURE 2 | 2M-hBCINet network structure. The system primarily includes three modules: the deep feature extraction module, the channel attention mechanism, and the multitask learning with loss functions. The VAE module efficiently integrates deep features from electroencephalogram (EEG) and electromyography (EMG) signals, while the CAM module intelligently allocates channel weights. Within the multitask framework, the primary task is motor imagery classification, and the auxiliary tasks include feature metric learning and EEG/EMG reconstruction. Different loss functions are applied to each task, including cross-entropy loss, triplet-center loss, and the VAE network’s loss function, and an overall loss function, Total Loss, is constructed.
4.1 Deep feature extraction module
4.1.1 Encoding
4.1.1.1 EEG electrode encoding
To better describe the EEG processing procedure, this study was based on the current internationally accepted EEG electrode placement rules 10–20 system. The brain electrodes were numbered, and the position coordinates of the electrodes were [image: image], ([image: image], [image: image] as shown in Figure 3). The spatial coordinates of the electrodes were [image: image], and the original spatiotemporal coordinates of the EEG were defined as Equation 3:
[image: image]
Where [image: image] represents the number of sampling points, [image: image] is the sampling duration, and [image: image] is the EEG sampling frequency.
[image: Figure 3]FIGURE 3 | Electromyography electrode coding. (A) The current internationally accepted EEG electrode placement diagram. (B) Based on the internationally accepted EEG electrode placement system, the 10–20 system, electrodes have been numbered, with their positional coordinates denoted as [image: image], where [image: image] and [image: image].
4.1.1.2 EMG electrode encoding
As with the EEG electrodes, the EMG electrodes were assigned codes. Because of the small number of EMG electrodes, they were coded as follows: LB, LT, RB, and RT, as shown in Figure 4. The original spatiotemporal coordinates of the EMG are defined as Equation 4:
[image: image]
where [image: image] represents the number of sampling points, [image: image] is the sampling duration, and [image: image] denotes the EMG sampling frequency.
[image: Figure 4]FIGURE 4 | Electromyogram electrode coding. (A) Schematic diagram showing the locations of the left biceps (LB), left triceps (LT), right biceps (RB), and right triceps (RT). (B) Electrode numbering for electromyography, with electrode positional coordinates denoted as [image: image], where [image: image] and [image: image].
4.1.2 Feature extraction
As shown in Figure 5, this process consists of two steps: encoding and feature extraction of the bioelectrical signals. First, the collected bioelectric signals were encoded according to Equation 3 and Equation 4, to obtain [image: image]. Then, [image: image] was input into the VAE network for feature extraction, resulting in relevant deep features [image: image].
[image: Figure 5]FIGURE 5 | Deep feature extraction. Encoded EEG and EMG signals are fused through the VAE network to extract deep features [image: image], where [image: image].
Below is a detailed description of the process for extracting deep features from EEG and EMG signals using VAE. Let the input EEG and EMG signals be denoted as [image: image], with its true distribution probability represented as [image: image]. The relevant latent features [image: image] are obtained from [image: image] using a VAE, and the reconstructed data are denoted as [image: image]. Then the inferential network can be expressed as [image: image], and the generative network can be expressed as [image: image].
Because the potential feature [image: image] is unobservable and cannot be solved directly, [image: image] is estimated by calculating the lower bound. The true posterior distribution that the inference network could not determine is denoted as [image: image], and it is assumed that the inferred network [image: image] is a known distribution, and [image: image] is used to approximate the replacement of [image: image], such that both the VAE inferred and generated networks are known distributions. To make [image: image] as close to [image: image] as possible, KL divergence is used to measure the degree of similarity between the two, and is minimized by optimizing the constraint parameters [image: image] and [image: image]. It can be expressed as shown in Equation 5:
[image: image]
Noted as Equation 6:
[image: image]
It can be obtained as Equation 7:
[image: image]
Since the KL divergence [image: image] is always true, therefore [image: image] is always true; thus, the variational lower bound function of the marginal likelihood [image: image] of the input electrical signal [image: image] can be obtained as [image: image]. Assuming [image: image] follows a normal distribution, the optimization objective for the inferred network is Equation 8:
[image: image]
To generate samples, the conditional distribution is generally a Bernoulli or Gaussian distribution whose probability density function is obtained using neural network computation. The optimization objective for the generative network is given in Equation 8.
The optimization objective of both the inferential and generative networks is to maximize the variational lower-bound function; therefore, the optimization objective of the VAE is to maximize the variational lower-bound function. Subsequently, the auxiliary parameter [image: image] is introduced to transform the distribution of [image: image] to obtain [image: image] with [image: image], where [image: image], and [image: image] have a known marginal likelihood distribution. Assuming that [image: image] follows a normal distribution, the sampling of [image: image] can be described as Equation 9:
[image: image]
where [image: image] represents the mean of the posterior probability and [image: image] represents the variance of the posterior probability. Subsequently, the variational lower bound can be simplified as Equation 10:
[image: image]
The introduction of auxiliary parameters changes the relationship between [image: image] and [image: image] and [image: image] from sampling calculation to numerical calculation, which can be optimized using the stochastic gradient descent method (Dai and Wipf, 2019). The mean and standard deviation of [image: image] can be calculated using neural network, enabling the calculation of each term in the lower bound of the variational inference. Consequently, the structure of the VAE model can be established.
4.2 CAM
In this study, the CAM was used to select and fuse the extracted EEG and EMG deep features. This end-to-end trainable module enhances the network’s ability to focus on key information while suppressing extraneous information, thus improving the accuracy and generalization of the model. The detailed process for processing deep features using CAM is shown in Figure 6.
[image: Figure 6]FIGURE 6 | Channel attention mechanism. After feature extraction by the VAE module, the electrical signal [image: image] produces a feature map [image: image]. Global average pooling compresses the spatial information of [image: image] into a global feature value [image: image]. This global feature value [image: image] is then fed into a multi-layer perceptron (MLP) with ReLU and Sigmoid activation functions to compute attention weights [image: image] for each channel. These weights are then applied to the original feature map to obtain the final feature map.
This module highlights useful EEG and EMG signal features. After the EEG and EMG signals pass through the VAE module, they obtain features denoted as [image: image]. To capture the spatial information of each channel, a global average pooling (GAP) over the spatial dimensions of [image: image] is required, which compresses the spatial information of each channel into a single global feature value, denoted as [image: image]. The dimension then becomes [image: image]. The computation process for the [image: image]-th channel can be described as Equation 11:
[image: image]
where [image: image] represents the feature of the channel [image: image] at position [image: image];
The computational results are sent to a multilayer perceptron (MLP) for processing to capture the dependencies between channels. When the MLP contains two fully connected layers, the first layer maps the features to a lower dimension [image: image] and applies the [image: image] activation function to introduce nonlinearity to obtain the output [image: image]. Assuming the weight matrix [image: image] and the bias vector [image: image], the output [image: image] can be expressed as Equation 12:
[image: image]
where the dimension of [image: image] is [image: image], and [image: image] is the dimensionality reduction coefficient used by MLP to decrease the computational effort by reducing the number of channels.
The second fully connected layer maps the vectors of the intermediate dimensions back to the original channel dimensions and applies a sigmoid activation function to restrict the weights to between 0 and 1 to obtain the channel attention weight matrix [image: image]. Similar to the first layer, [image: image] can be expressed as Equation 13:
[image: image]
where the [image: image] dimension is [image: image] and the output dimension of [image: image] is guaranteed to be [image: image];
At this time, the attention weight [image: image] of each channel is obtained, which indicates the degree of “attention” of the model to each channel, and the weight is applied to the original feature map [image: image], and the final feature map [image: image] is weighted by element-by-element multiplication of the feature map, as shown in Equation 14:
[image: image]
CAM realizes the effective utilization and enhancement of different channel information in the feature map through three steps: global information aggregation, interchannel dependency modeling, and attention weighting.
4.3 MTL
To enhance the classification accuracy of MI tasks and improve the model’s generalization capabilities (Ruder, 2017), this study incorporated a MTL approach to train the 2M-hBCINet. In this study, three learning objectives were set. The primary task was the MI classification task, and the auxiliary tasks included feature metric learning and EEG and EMG reconstruction. Feature metric learning aimed to minimize the distance between similar samples and maximize the distance between dissimilar samples by optimizing the metric criterion to learn more discriminative and expressive features, which indirectly improved the performance of the primary task.
Different loss functions were used for the different tasks in this study. For the primary task of MI classification and the auxiliary tasks of feature metric learning, EEG, and EMG reconstruction, the loss functions of cross-entropy loss, triplet-center loss, and VAE network were used, respectively, and the overall loss function was constructed as the total loss.
4.3.1 Cross-entropy loss
To ensure that the classification results were close to the actual situation in the MI classification task, cross-entropy was adopted as the loss function. Cross-entropy loss was first introduced by Rubinstein in 1999 (Rubinstein, 1999), and it measures the discrepancy between the predicted and true distributions through simple calculations. The calculation is shown in Equation 15:
[image: image]
where [image: image] and [image: image] represent the true label and classification model prediction probabilities, respectively. The result of the MI classification task is the type with the highest probability.
4.3.2 Triplet-center loss
In feature metric learning as the auxiliary task, the triplet-center loss (TCL) (He et al., 2018) was used as the loss function. TCL combines the advantages of triplet loss for interclass relationship processing with those of center loss for intraclass relationship processing and reduces certain computational complexities to effectively improve the accuracy of feature metric learning, which is calculated as in Equation 16
[image: image]
Where, [image: image] represents the label of the [image: image]-th type, [image: image] represents the feature vector extracted in the neural network, [image: image] represents the feature vector extracted by [image: image] from the [image: image]-th class, [image: image] represents the center of the [image: image]-th class, and [image: image] is the euclidean distance function is expressed as Equation 17:
[image: image]
4.3.3 TotaI loss
In this study, the abovementioned loss functions [image: image] and [image: image] and the loss functions [image: image] and [image: image] of the VAE network were combined to obtain the final loss function:
[image: image]
where, [image: image], [image: image], and [image: image] represent the hyperparameters for the contributions of models [image: image], [image: image], and [image: image], respectively, satisfying the condition [image: image]. To determine the hyperparameters in Equation 18, a preliminary study was conducted using a grid-search algorithm. The sets of parameters [image: image], [image: image], and [image: image] in the grid search algorithm were defined as {0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7}. The experimental results indicate that [image: image], [image: image], and [image: image] should be set to 0.7, 0.1, and 0.1, respectively. In addition, to complete the multitask ablation experiments, the parameters for two-task and three-task collaborative training were investigated. The parameters for the two-task model 2M-hBCINet-CEEGR were [image: image] and [image: image], while the parameters for the model 2M-hBCINet-CEMGR were [image: image] and [image: image]. The parameter for the model 2M-hBCINet-CF was [image: image]. For the three-task model 2M-hBCINet-CEEMGR, the parameters were [image: image], [image: image], and [image: image]. The parameters for the model 2M-hBCINet-CEEGRF were [image: image] and [image: image], and for the model 2M-hBCINet-CEMGRF, the parameters were [image: image] and [image: image].
4.4 2M-hBCINet
To better accomplish MI tasks, we explored, selected, and integrated the deep features of EEG and EMG signals, and designed a 2M-hBCINet model.
First, the raw EEG and EMG signals were encoded, and deep features were extracted using the VAE network. The structure of the VAE network is shown in Figure 2, which consists of an encoder and a decoder. The extraction process of deep spatio-temporal feature [image: image] is shown in Figure 5. After completing [image: image] extraction, CAM was used to combine, select, and assign relevant weights to the features, as shown in Figure 6, which effectively improved the utilization of potential features. In addition, the 2M-hBCINet model adopts a MTL approach for training. The primary task designed for this study was the MI classification task, whereas the auxiliary tasks included a feature metric learning task and reconstruction tasks for both EEG and EMG, along with the relevant loss functions, [image: image] and [image: image]. These were combined with the VAE network loss functions, [image: image] and [image: image] to obtain the overall loss function [image: image].
Subsequently, joint training of the 2M-hBCINet model was performed by updating the parameters in the VAE network, CAM, weight parameters, and bias values in the fully connected (FC) layer in each training session, as shown in Algorithm 1. After the fully connected layer, the predicted values for MI classification were calculated using Equation 19. [image: image] represents the EEG potential features extracted by the [image: image] network, [image: image] represents the EMG potential features extracted by the [image: image] network, [image: image] represents the features after fusing EEG and EMG, and [image: image] denotes the features after selection, fusion, and weighting by the CAM. The 2M-hBCINet model used the joint loss function [image: image] as the loss function.
[image: image]
During the backpropagation process of the 2M-hBCINet model, the CAM and deep feature extraction module were updated synchronously. The specific process is as follows:
In the CAM, the gradient [image: image] of the parameters of the fully connected layer is solved first, the gradient [image: image] of the fully connected layer acting on CAM is calculated next, and finally, the gradient [image: image] of the parameters of the entire CAM is calculated. According to the chain rule, the gradient [image: image] of the CAM and the corresponding fully connected layer parameters can be obtained. Subsequently, the CBA network parameters are updated according to [image: image] to complete the CAM parameter update.
For gradient extraction of parameters of the VAE module, the gradient [image: image] of the CAM parameters is solved, following which the gradients [image: image] and [image: image] of the [image: image] and [image: image] networks are computed respectively. According to the chain rule, the gradients [image: image] and [image: image] of the VAE network parameters and the full connection layer parameters can be obtained. After that, the [image: image], [image: image] network parameters are updated according to [image: image], [image: image] to complete a VAE module parameter update.
After updating the CAM and VAE module, the parameters of the fully connected layer are updated according to [image: image] such that it can completely learn the selected deep features.
Algorithm 1. 2M-hBCINet.
Require: Bioelectric signal [image: image];
    The motor imagery task corresponds to the label Y;
Ensure: parameters of VAE: [image: image]; parameters of CBA: [image: image]; parameters of FC: [image: image];
1. for [image: image]
1. [image: image]
2. [image: image]
3. [image: image]
4. [image: image]
5. [image: image]
6. [image: image]
7. [image: image]
8. [image: image]
9. [image: image]
10. [image: image]
11. [image: image]
12. [image: image]
13. [image: image]
14. end for
5 EXPERIMENT AND DISCUSSION
5.1 Experimental setting
5.1.1 Evaluation methods
Common machine learning evaluation metrics were selected for this study to serve as evaluation indicators, with the performance of the 2M-hBCINet model described from various perspectives. The evaluation indicators included accuracy, precision, recall, and F1-score. The calculation methods are shown in Equations 20–23: Model performance was assessed by plotting the receiver operating characteristic (ROC) curve and calculating the area under the curve (AUC), known as the ROC-AUC.
[image: image]
[image: image]
[image: image]
[image: image]
where [image: image], [image: image], [image: image], and [image: image] represent true positive, false positive, true negative, and false negative, respectively.
5.1.2 Experimental methodology (LOOCV)
The LOOCV method (Walter et al., 2013) was employed to validate the performance of the 2M-hBCINet model. In the LOOCV method, one sample is extracted from the dataset to serve as the validation set for testing at each iteration until all samples are used as the validation set. The number of validations correspond to the number of samples, and the validation results are expressed as the average of all experimental outcomes, as indicated by Equation 24. The advantages of the LOOCV method include its ability to fully utilize data in small sample sizes for MI and to effectively prevent overfitting, thereby enabling a comprehensive assessment of the model’s generalization ability.
[image: image]
[image: image]
Where [image: image] represents the number of samples, [image: image] represents the index of the selected sample, [image: image] represents the samples, [image: image] represents the corresponding labels of the samples, [image: image] represents the selected evaluation indices, [image: image] denotes the performance assessment results of the 2M-hBCINet model using different evaluation indices, and [image: image] represents the validation results obtained for the corresponding evaluation metrics using the LOOCV method.
5.1.3 Parameter setting
This study used parameter settings for three models: [image: image], [image: image], and total loss function. A symmetrical structure consisting of four convolutional layers was utilized for encoding and decoding in both [image: image] and [image: image]. Each layer was composed of convolutional kernels of sizes [image: image], [image: image], [image: image] and [image: image], with a stride of 1. Hyperparameters [image: image], [image: image], and [image: image] were set to 0.7, 0.1, and 0.1, respectively, for the total loss function.
5.2 Experiment and discussion
We performed several experiments involving the LOOCV method on the self-made MI-EEMG dataset and the public datasets WAY-EEG-GAL and ESEMIT. These experiments include module ablation studies, comparisons of MTL, multi-band comparison experiments, and muscle fatigue experiments.
5.2.1 Module ablation experiment
To validate the effectiveness of each module of the proposed 2M-hBCINet model, an ablation study was conducted using the MI-EEMG, WAY-EEG-GAL, and ESEMIT datasets. LOOCV was used as the validation method. The validated models included model [image: image] without the module [image: image], model [image: image] without the module [image: image], model [image: image] without the module [image: image] and the complete 2M-hBCINet model.
In the MI-EEMG dataset, 70 MI classification experiments were conducted for each model (14 participants × 5 trials). Figure 7A illustrates the performance of each participant in this experiment, and Figure 8A presents the significance analysis results for each model. In the WAY-EEG-GAL dataset, 60 MI classification experiments were performed for each model (12 participants × 5 trials). Figure 7B shows the performance of each participant in the experiment, and Figure 8B shows the significance analysis results for each model. In the ESEMIT dataset, 130 MI classification experiments were performed for each model (26 participants × 5 trials). Figure 7C shows the performance of each participants in this experiment, and Figure 8C displays the significance analysis results for each model. The statistical results of the experiments for each model across all the datasets are presented in Table 1.
[image: Figure 7]FIGURE 7 | Statistical results of module ablation experiment. (A) In the MI-EEMG dataset, 70 motor imagery classification experiments were performed for each model (14 participants × 5 trials). Compared to models missing certain modules, the 2M-hBCINet model showed an accuracy improvement of 6.1%–10.3%. (B) In the WAY-EEG-GAL dataset, 60 motor imagery classification experiments were performed for each model (12 participants × 5 trials). The 2M-hBCINet model demonstrated an increase of 5.7%–8.0% in accuracy over models with missing modules. (C) In the ESEMIT dataset, 130 motor imagery classification experiments were performed for each model (26 participants × 5 trials). The 2M-hBCINet model achieved an accuracy enhancement of 7.1%–10.5% compared to models without the respective modules.
[image: Figure 8]FIGURE 8 | Significance analysis of each model in module ablation experiment. (A) The t-test results for each model in the MI-EEMG dataset are shown in figure. (B) The t-test results for each model in the WAY-EEG-GAL dataset are shown in figure. (C) The t-test results for each model in the ESEMIT dataset are shown in the figure.
TABLE 1 | Module ablation experiment.
[image: Table 1]Table 1 shows that the accuracy of the models missing various modules decreased by 6.1%–10.3%, 5.7%–8.0%, and 7.1%–10.5% compared to the 2M-hBCINet model. The precision, recall, and F1-score also decreased, demonstrating the necessity of each submodule. Furthermore, in both the MI-EEMG and ESEMIT datasets, the model [image: image] achieved better performance than [image: image] and [image: image]. This indicates that the features obtained from EMG signals provide greater expressiveness for MI tasks and allow for better representation than features obtained from EEG signals.
In the significance analysis presented in Figure 8, the p-values are categorized into five levels: [image: image], [image: image], [image: image], [image: image], and [image: image] statistical significance was set at [image: image], with smaller p-values indicating greater significance and [image: image] indicating that the difference between the two models was not statistically significant. A statistically significant improvement in the accuracy of the 2M-hBCINet model compared to other models missing various modules indicated a notable difference, and demonstrated the significant superiority of the 2M-hBCINet model.
5.2.2 MTL comparison experiments
To validate the effectiveness of the MTL approach in the proposed 2M-hBCINet model, comparative experiments were performed using the MI-EEMG, WAY-EEG-GAL, and ESEMIT datasets, with LOOCV as the validation method. The validated models included the single-task model 2M-hBCINet-C, the two-task models 2M-hBCINet-CEEGR, 2M-hBCINet-CEMGR, and 2M-hBCINet-CF, as well as the three-task models 2M-hBCINet-CEEMGR, 2M-hBCINet-CEEGRF, and 2M-hBCINet-CEMGRF, and the four-task model 2M-hBCINet. In this context, C, EEGR, EMGR, and F denote MI classification (primary task), EEG reconstruction, EMG reconstruction, and feature metric learning (auxiliary tasks), respectively. The dataset and number of experiments used in this study were consistent with those used in the ablation study. Figure 9 illustrates the experimental performance of the participants across different datasets, and Figure 10 presents the significance analysis results for each model, with A, B, and C corresponding to the three types of datasets. The experimental results are presented in Table 2.
[image: Figure 9]FIGURE 9 | Statistical results of multitask learning comparison experiments. The models evaluated include single-task model 2M-hBCINet-C; two-task models 2M-hBCINet-CEEGR, 2M-hBCINet-CEMGR, and 2M-hBCINet-CF; three-task models 2M-hBCINet-CEEMGR, 2M-hBCINet-CEEGRF, and 2M-hBCINet-CEMGRF; and the four-task model 2M-hBCINet. (A) In the MI-EEMG dataset, 70 motor imagery classification experiments (14 participants × 5 trials) were performed to test each learning approach. The 2M-hBCINet model showed an average accuracy improvement of 1.2%–11.0% compared to other models. (B) In the WAY-EEG-GAL dataset, 60 motor imagery classification experiments were performed for each model (12 participants × 5 trials). The 2M-hBCINet model achieved an average accuracy increase of 1.5%–10.5% compared to other models. (C) In the ESEMIT dataset, 130 motor imagery classification experiments (26 participants × 5 trials) were conducted for each learning approach. The 2M-hBCINet model demonstrated an average accuracy enhancement of 1.7%–10.0% compared to other models.
[image: Figure 10]FIGURE 10 | Significance analysis of each model in multitask learning comparison experiment. (A) In the MI-EEMG dataset, the t-test results for each model are depicted. (B) In the WAY-EEG-GAL dataset, the t-test results for each model are shown. (C) In the ESEMIT dataset, the t-test results for each model are shown.
TABLE 2 | Multitask learning comparison experiment.
[image: Table 2]Table 2 shows that the 2M-hBCINet model, which employs all tasks, achieved an average accuracy improvement of 1.2%–11.0%, 1.5%–10.5%, and 1.7%–10.0% with the MI-EEMG, WAY-EEG-GAL, and ESEMIT datasets, respectively, compared to other models. Additionally, the precision, recall, F1-score, and ROC-AUC evaluation metrics showed improvements, demonstrating the effectiveness of each task during the model training process. This enhancement is attributed to the strong correlation between the selected EEG reconstruction, EMG reconstruction, and feature metric learning tasks, and the primary task of MI classification. The collaborative training process allows for mutual reinforcement and complementary learning among these tasks. Overall, MTL effectively enhanced the generalization ability and accuracy of the 2M-hBCINet model.
5.2.3 Multiband comparison experiments
To further validate the superiority of the 2M-hBCINet model across different EEG frequency bands, we categorized EEG signals into four frequency bands: theta (four to eight Hz), alpha (8–13 Hz), beta (13–30 Hz), and gamma (30–50 Hz), and conducted comparative experiments for each band. The comparison models included the single EEG model [image: image], single EMG model [image: image], and reference EEG models Reference-Leeb (Leeb et al., 2011), Reference-Barachant (Barachant et al., 2012), and Reference-Hutchison (Hutchison et al., 2010).
Altogether, 420 experiments were conducted with the MI-EEMG dataset (6 models × 5 frequency bands × 14 participants), and the results are shown in Figure 11A. Figures 12A–D illustrate the performance of each participant across different frequency bands. For the WAY-EEG-GAL dataset, 360 MI classification experiments were performed for each model (6 models × 5 frequency bands × 12 participants), and the results are shown in Figure 11B. Figures 12E–H depict the performance of each participant across different frequency bands in this dataset. A total of 780 MI classification experiments were performed with the ESEMIT dataset for each learning method (6 models × 5 frequency bands × 26 participants), and the results are summarized in Figure 11C. Figures 12I–L illustrate the performance of each participant across different frequency bands.
[image: Figure 11]FIGURE 11 | Statistical results of multi-band comparison experiments. The signals were divided into four frequency bands: theta (four to eight Hz), alpha (8–13 Hz), beta (13–30 Hz), and gamma (30–50 Hz), and comparative experiments were conducted for each band. (A) In the MI-EEMG dataset, a total of 420 experiments were conducted (6 models × 5 bands × 14 participants). Compared to other models, the 2M-hBCINet model’s average accuracy increased by 4.5%–13.6% for theta, 1.9%–12.9% for alpha, 1.7%–11.2% for beta, and 3.7%–12.8% for gamma bands. (B) In the WAY-EEG-GAL dataset, a total of 420 experiments were conducted (6 models × 5 bands × 14 participants). Compared to other models, the 2M-hBCINet model’s average accuracy improved by 4.6%–12.1% for theta, 2.0%–11.4% for alpha, 0.5%–10.9% for beta, and 0.6%–9.7% for gamma bands. (C) In the ESEMIT dataset, 780 motor imagery classification experiments were conducted for each learning approach (6 models × 5 bands × 26 participants). Compared to other models, the 2M-hBCINet model demonstrated an average accuracy enhancement of 7.1%–14.3% for theta, 3.5%–11.2% for alpha, 2.4%–11.7% for beta, and 3.6%–10.5% for gamma bands.
[image: Figure 12]FIGURE 12 | Multi-band comparison experiment performance of each model. (A), (B), (C), and (D) describe the performance of each model in the theta (four to eight Hz), alpha (8–13 Hz), beta (13–30 Hz), and gamma (30–50 Hz) bands in the MI-EEMG dataset, respectively. (E), (F), (G), and (H) describe the performance of each model in the theta (four to eight Hz), alpha (8–13 Hz), beta (13–30 Hz), and gamma (30–50 Hz) bands in the WAY-EEG-GAL dataset, respectively. (I), (J), (K), and (L) describe the performance of each model in the theta (four to eight Hz), alpha (8–13 Hz), beta (13–30 Hz), and gamma (30–50 Hz) bands in the ESEMIT dataset, respectively.
From Figure 11, it can be observed that in the theta (four to eight Hz), alpha (8–13 Hz), beta (13–30 Hz), and gamma (30–50 Hz) frequency bands, the 2M-hBCINet model achieved average accuracy improvements of 4.5%–13.6%, 1.9%–12.9%, 1.7%–11.2%, and 3.7%–12.8%, respectively, compared to the models [image: image], [image: image], Reference-Leeb, Reference-Barachant, and Reference-Hutchison for the MI-EEMG dataset. Considering the WAY-EEG-GAL dataset, the improvements were 4.6%–12.1%, 2.0%–11.4%, 0.5%–10.9%, and 0.6%–9.7%. For the ESEMIT dataset, the model demonstrated accuracy increases of 7.1%–14.3%, 3.5%–11.2%, 2.4%–11.7%, and 3.6%–10.5%. Overall, the 2M-hBCINet model exhibited the best performance across all datasets, confirming its superiority. The reason for the optimal performance of the 2M-hBCINet model across different frequency bands is its ability to extract more discriminative EEG features using unsupervised methods. In addition, unlike other models that rely solely on EEG, such as Reference-Leeb, Reference-Barachant, and Reference-Hutchison, the 2M-hBCINet model effectively integrates deep EMG features through the CAM, further enhancing its performance across different frequency bands. This resulted in superior MI classification capabilities across all EEG frequency bands.
5.2.4 Muscle fatigue experiment
In practical MI classification tasks, issues such as muscle fatigue and decreased muscle strength can occur in participants. In this study, a muscle fatigue experiment was designed to evaluate the performance of the 2M-hBCINet model under muscle fatigue conditions. Referencing a previously described method (Xi et al., 2021), we simulated the muscle strength state of participants experiencing fatigue by reducing the amplitude of the EMG signals (with an amplitude reduction resolution of 5%). The comparative models included a single EEG model ([image: image]), a single EMG model ([image: image]), and EMG classification models that used the same feature selection but different classifiers, namely, Reference-Leonardis (Leonardis et al., 2015) and Reference-Tang (Tang et al., 2014). A total of 525 experiments were conducted with the MI-EEMG, WAY-EEG-GAL, and ESEMIT datasets (5 models × 21 muscle strength states × 5 repetitions), and the visualization results are presented in Figure 13.
[image: Figure 13]FIGURE 13 | Muscle fatigue test. (A), (B), and (C) show the results of visualization comparison of the 2M-hBCINet model with other models. These results are based on 525 experiments (5 models × 21 muscle force states × 5 trials) across the MI-EEMG, WAY-EEG-GAL, and ESEMIT datasets.
Figure 13 shows the trends in accuracy for each model across the MI-EEMG, WAY-EEG-GAL, and ESEMIT datasets. For models relying solely on EMG, such as [image: image], reference-Leonardis, and reference-Tang, the accuracy dropped to 71.6%–75.7%, 64.6%–77.7%, and 61.2%–69.9% when the muscle strength was 50%. At a muscle strength of 25%, the accuracy further declined to 62.3%–67.8%, 54.8%–60.2%, and 54.5%–57.9%. As the muscle strength continued to decrease, the accuracy of these EMG-only models stabilized at approximately 50%. In contrast, for the proposed EEG-EMG classification model, 2M-hBCINet, the accuracy was 86.1%–87.6% at a muscle strength of 50% and 82.6%–85.6% at 25%. When the muscle strength was further reduced, the accuracy of 2M-hBCINet stabilized at 80.1%–81.3%.
6 CONCLUSION
In this study, EEG and EMG data were collected from the participants, and corresponding datasets were created. A new model for MI classification based on 2M-hBCINet utilizing EEG and EMG signals was proposed. This model first processed the EEG and EMG signals using VAE networks to extract deep feature information specific to each signal. The features were then combined, and different weights assigned to the extracted features using CAM to achieve selective feature optimization. Additionally, the model employed MTL, training simultaneously on the primary task of MI classification and auxiliary tasks of EEG and EMG reconstruction, and a feature metric learning task. Different loss functions were used for each task to enhance the learning effectiveness. Finally, the superiority of the proposed model and its broad applicability under different frequency bands and muscle conditions were validated through ablation, MTL comparison, multi-frequency band comparison, and muscle fatigue experiments based on the LOOCV method. The necessity and effectiveness of each module and training task were verified through ablation experiments.
Despite the model’s excellent performance in deep feature extraction and classification of EEG and EMG signals, only basic preprocessing was performed for the EEG signals. Currently, multivariate iterative filtering (MIF) techniques have shown significant results in EEG signal processing, thereby improving the signal handling accuracy and efficiency. Future work could consider integrating MIF techniques with this model to further enhance its performance.
This approach has broad application potential as an end-to-end MI classification model. Beyond applications in rehabilitation robotics, it can be extended to other fields related to EEG and EMG signals, such as driver anomaly detection, motion-sensing games, and emotion analysis. For driver anomaly detection, the model can monitor driver fatigue, distraction, and emotional states through EEG and EMG signal analyses, thereby enhancing road safety. In the realm of motion-sensing games, the model can provide more intuitive control methods, enriching player experience, while in emotion analysis applications, it can accurately identify individual emotional responses. With continuous technological advancements, potential application scenarios are expected to increase.
DATA AVAILABILITY STATEMENT
The datasets presented in this article are not readily available because the data collection conditions of the population are harsh. Requests to access the datasets should be directed to Zhenxi Zhao, 15121175203@163.com.
ETHICS STATEMENT
The studies involving humans were approved by Ethics Committee of Beijing Tiantan Hospital affiliated to Capital Medical University. The studies were conducted in accordance with the local legislation and institutional requirements. The participants provided their written informed consent to participate in this study.
AUTHOR CONTRIBUTIONS
YC: Conceptualization, Data curation, Formal Analysis, Investigation, Methodology, Project administration, Validation, Visualization, Writing–original draft. SG: Writing–review and editing, Investigation, Visualization. HY: Writing–review and editing, Conceptualization, Funding acquisition, Supervision. ZZ: Resources, Supervision, Validation, Writing–review and editing. DZ: Investigation, Project administration, Resources, Writing–review and editing. CW: Data curation, Software, Supervision, Writing–review and editing.
FUNDING
The author(s) declare that financial support was received for the research, authorship, and/or publication of this article. This work was supported by the National Natural Science Foundation of China under grant number 82072532 and the “Tackling the Challenge” Concept Validation Project of the Beijing Municipal Science and Technology Commission (project number 20230481191).
ACKNOWLEDGMENTS
We would like to express our sincere gratitude to all colleagues, research institutions and partners who provided support and assistance in this study. Special thanks go to all the subjects who participated in the data collection and experimental process, and whose participation was crucial to the smooth gratitude of this study. We express our heartfelt gratitude to all individuals and organizations that have provided support and assistance in 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
 Barachant A., Bonnet S., Congedo G., Jutten C. (2012). Multiclass brain-computer interface classification by riemannian geometry. IEEE Trans. Biomed. Eng. 59 (4), 920–928. doi:10.1109/TBME.2011.2172210
 Caruana R. (1997). Multitask learning. Mach. Learn. 28 (1), 41–75. doi:10.1023/A:1007379606734
 Chen Z., Ono N., Kanaya S., Huang M. (2020). “iVAE: an improved deep learning structure for EEG signal characterization and reconstruction,” in 2020 IEEE international conference on bioinformatics and biomedicine (BIBM) . Seoul, Korea (South): IEEE, 1909–1913. doi:10.1109/BIBM49941.2020.9313107
 Dai B., Wipf D. (2019). Diagnosing and enhancing VAE models. arXiv . doi:10.48550/arXiv.1903.05789
 Duan F., Lin D., Li W., Zhang Z. (2015). Design of a multimodal EEG-based hybrid BCI system with visual servo module. IEEE Trans. Aut. Ment. Dev. 7 (4), 332–341. doi:10.1109/TAMD.2015.2434951
 ElSayed N. E., Tolba A. S., Rashad M. Z., Belal T., Sarhan S. (2021). Multimodal analysis of electroencephalographic and electrooculographic signals. Comput. Biol. Med. 137, 104809. doi:10.1016/j.compbiomed.2021.104809
 Ferracuti F., Iarlori S., Mansour Z., Monteriù A., Porcaro C. (2021). Comparing between different sets of preprocessing, classifiers, and channels selection techniques to optimise motor imagery pattern classification system from EEG pattern recognition. Brain Sci. 12 (1), 57. doi:10.3390/brainsci12010057
 George F. P., Shaikat I. M., Ferdawoos Hossain P. S., Parvez M. Z., Uddin J. (2019). Recognition of emotional states using EEG signals based on time-frequency analysis and SVM classifier. Int. J. Electr. Comput. Eng. 9 (2), 1012–1020. doi:10.11591/ijece.v9i2.pp1012-1020
 He Q., Feng L., Jiang G., Xie P. (2022). Multimodal multitask neural network for motor imagery classification with EEG and fNIRS signals. IEEE Sensors J. 22, 20695–20706. doi:10.1109/JSEN.2022.3205956
 He X., Zhou Y., Zhou Z., Bai S., Bai X. (2018). “Triplet-center loss for multi-view 3D object retrieval,” in 2018 IEEE/CVF conference on computer vision and pattern recognition , 1945–1954. doi:10.1109/CVPR.2018.00208
 Hooda N., Das R., Kumar N. (2020). Fusion of EEG and EMG signals for classification of unilateral foot movements. Biomed. Signal Process. Control 60, 101990. doi:10.1016/j.bspc.2020.101990
 Hutchison D., Kanade T., Kittler J., Kleinberg J. M., Mattern F. Mitchell J. C., et al. (2010). “Riemannian geometry applied to BCI classification,” in Latent variable analysis and signal separation ed . Editors V. Vigneron, V. Zarzoso, E. Moreau, R. Gribonval, E. Vincent, 629. 
 Jenke R., Peer A., Buss M. (2014). Feature extraction and selection for emotion recognition from EEG. IEEE Trans. Affect. Comput. 5 (3), 327–339. doi:10.1109/TAFFC.2014.2339834
 Jie H., Li S., Gang S. (2019). “Squeeze-and-Excitation networks,” in 2018 IEEE/CVF conference on computer vision and pattern recognition , 7132–7141. doi:10.1109/CVPR.2018.00745
 Katarina V., Athanasios V. (2023). Data from: electrophysiological signals of embodiment and MI-BCI training in VR. Available at: https://zenodo.org/records/8086086.
 Kilteni K., Andersson B. J., Houborg C., Ehrsson H. H. (2018). Motor imagery involves predicting the sensory consequences of the imagined movement. Nat. Commun. 9 (1), 1617. doi:10.1038/s41467-018-03989-0
 Kingma D. P., Welling M. (2022). Auto-encoding variational Bayes. arXiv . doi:10.48550/arXiv.1312.6114
 Klem G. H., Lüders H., Jasper H. H., Elger C. E. (1999). The ten-twenty electrode system of the international federation. The international federation of clinical neurophysiology. Electroencephalogr. Clin. neurophysiology. Suppl. 52, 3–6. doi:10.1097/00006534-195205000-00008
 Leeb R., Sagha H., Chavarriaga R., Millán J. D. R. (2011). A hybrid brain–computer interface based on the fusion of electroencephalographic and electromyographic activities. J. Neural Eng. 8 (2), 025011. doi:10.1088/1741-2560/8/2/025011
 Leonardis D., Chisari C., Bergamasco M., Frisoli A., Barsotti M. Loconsole C., et al. (2015). An EMG-controlled robotic hand exoskeleton for bilateral rehabilitation. IEEE Trans. Haptics 8 (2), 140–151. doi:10.1109/TOH.2015.2417570
 Li J., Ji H., Cao L., Zang D., Gu R. Xia B., et al. (2014). Evaluation and application of a hybrid brain computer interface for real wheelchair parallel control with multi-degree of freedom. Int. J. Neural Syst. 24 (04), 1450014. doi:10.1142/S0129065714500142
 Li X., Song D., Zhang P., Zhang Y., Hou Y., Hu B. (2018). Exploring EEG features in cross-subject emotion recognition. Front. Neurosci. 12, 162. doi:10.3389/fnins.2018.00162
 Li Z., Zhang S., Pan J. (2019). Advances in hybrid brain-computer interfaces: principles, design, and applications. Comput. Intell. Neurosci. 2019, 3807670–3807679. doi:10.1155/2019/3807670
 Luciw M. D., Jarocka E., Edin B. B. (2014). Multi-channel EEG recordings during 3,936 grasp and lift trials with varying weight and friction. Sci. Data 1, 140047. doi:10.1038/sdata.2014.47
 Medhi J. K., Ren P., Hu M., Chen X. (2023). A deep multi-task learning approach for bioelectrical signal analysis. Mathematics 11 (22), 4566. doi:10.3390/math11224566
 Mohammadi Z., Frounchi J., Amiri M. (2017). Wavelet-based emotion recognition system using EEG signal. Neural Comput. Appl. 28 (8), 1985–1990. doi:10.1007/s00521-015-2149-8
 Pan J., Xie Q., Huang H., He Y., Sun Y. Yu R., et al. (2018). Emotion-related consciousness detection in patients with disorders of consciousness through an EEG-based BCI system. Front. Hum. Neurosci. 12, 198. doi:10.3389/fnhum.2018.00198
 Pu Y., Gan Z., Henao R., Yuan X., Li C. Stevens A., et al. (2016). “Variational autoencoder for deep learning of images, labels and captions,” in Neural information processing systems . arXiv:1609.08976. doi:10.48550/arXiv.1609.08976
 Ravindran P. V., Vinod A. P. (2019). “Name familiarity detection using EEG-based brain computer interface,” in Tencon 2019 - 2019 IEEE region 10 conference (TENCON) (Kochi, India: IEEE), 2305–2309. doi:10.1109/TENCON.2019.8929314
 Rezende D. J., Mohamed S. (2016). Variational inference with normalizing flows. arXiv . doi:10.48550/arXiv.1505.05770
 Rubinstein R. Y. (1999). The simulated entropy method for combinatorial and continuous optimization. Methodol. Comput. Appl. Probab. 2, 127–190. doi:10.1023/A:1010091220143
 Ruder S. (2017). An overview of multi-task learning in deep neural networks. arXiv . doi:10.48550/arXiv.1706.05098
 Sreeja S. R., Rabha J., Nagarjuna K. Y., Samanta D., Mitra P., Sarma M. (2017). “Motor imagery EEG signal processing and classification using machine learning approach,” in 2017 international conference on new trends in computing sciences (ICTCS) , 61–66. doi:10.1109/ICTCS.2017.15
 Srivastava A., Pratiher S., Alam S., Hari A., Banerjee N. Ghosh N., et al. (2022). A deep residual inception network with channel attention modules for multi-label cardiac abnormality detection from reduced-lead ECG. Physiol. Meas. 43 (6), 064005. doi:10.1088/1361-6579/ac6f40
 Sun C., Mou C. (2023). Survey on the research direction of EEG-based signal processing. Front. Neurosci. 17, 1203059. doi:10.3389/fnins.2023.1203059
 Tang K., Zhao X., Qin M., Xu Z., Sun H., Wu Y. (2024). Using convolutional neural network combined with multi-scale channel attention module to predict soil properties from visible and near-infrared spectral data. Microchem. J. 207, 111815. doi:10.1016/j.microc.2024.111815
 Tang Z., Zhang K., Sun S., Gao Z., Zhang L., Yang Z. (2014). An upper-limb power-assist exoskeleton using proportional myoelectric control. Sensors 14 (4), 6677–6694. doi:10.3390/s140406677
 Vidal J. J. (1973). Toward direct brain-computer communication. Annu. Rev. Biophysics Bioeng. 2 (1), 157–180. doi:10.1146/annurev.bb.02.060173.001105
 Walter S., Kim J., Hrabal D., Crawcour S. C., Kessler H., Traue H. C. (2013). Transsituational individual-specific biopsychological classification of emotions. IEEE Trans. Syst. Man, Cybern. Syst. 43 (4), 988–995. doi:10.1109/TSMCA.2012.2216869
 Wang Y., Zhang Q., Yao Q., Huo Y., Zhou M., Lu Y. (2022). Multiple radionuclide identification using deep learning with channel attention module and visual explanation. Front. Phys. 10. doi:10.3389/fphy.2022.1036557
 Xi X., Pi S., Zhao Y. B., Luo Z. (2021). Effect of muscle fatigue on the cortical-muscle network: a combined electroencephalogram and electromyogram study. Brain Res. 1952, 147221. doi:10.1016/j.brainres.2020.147221
 Xia Y., Chen C. F., Shu M. L., Liu R. X. (2023). A denoising method of ECG signal based on variational autoencoder and masked convolution. J. Electrocardiol. 80, 81–90. doi:10.1016/j.jelectrocard.2023.05.004
 Yan L., Hao Y., Yan L., Biao X., Yu C. Xu J. H., et al. (2024). Brain–computer interface based on motor imagery with visual guidance and its application in control of simulated unmanned aerial vehicle. IEEE Sensors J. 24 (7), 10779–10793. doi:10.1109/JSEN.2024.3363754
 Zhang D., Wang Y., Maye A., Engel A. K., Gao X. Hong B., et al. (2007). “A brain-computer interface based on multi-modal attention,” in 2007 3rd international IEEE/EMBS conference on neural engineering , 414–417. doi:10.1109/CNE.2007.369697
 Zhou D., Wang J., Jiang B., Guo H., Li Y. (2018). Multi-task multi-view learning based on cooperative multi-objective optimization. IEEE Access 6, 19465–19477. doi:10.1109/ACCESS.2017.2777888
 Zhukov L., Weinstein D., Johnson C. (2000). Independent component analysis for EEG source localization. IEEE Eng. Med. Biol. Mag. 19 (3), 87–96. doi:10.1109/51.844386
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 © 2024 Cao, Gao, Yu, Zhao, Zang and Wang. 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_185.gif





OPS/images/inline_81.gif






OPS/images/inline_186.gif
.

weee: ' 104
Weeg' | = Weet — Nyar eecV WEEG





OPS/images/inline_82.gif
z.(1,7])






OPS/images/inline_8.gif





OPS/images/inline_184.gif
+1 - dtotal(V.V) L 2oy 0Z
Vawggt'! = L), v e Lo, e

FZeens





OPS/images/inline_80.gif





OPS/images/inline_189.gif





OPS/images/inline_85.gif





OPS/images/inline_19.gif
f erG





OPS/images/inline_86.gif





OPS/images/inline_187.gif
.

o
wene® = Myae_ewmcV WenG'





OPS/images/inline_83.gif





OPS/images/inline_188.gif
+1 _ dtotal
Vicg,t*! = ZOtaIY), 9%





OPS/images/inline_84.gif





OPS/images/inline_192.gif





OPS/images/inline_190.gif
41
Vit = 2ol rl), _ov





OPS/images/inline_87.gif





OPS/images/inline_191.gif
.

o
wret ~ eV wee’





OPS/images/inline_88.gif
W,





OPS/images/inline_89.gif





OPS/images/inline_195.gif





OPS/images/inline_91.gif
W,





OPS/images/inline_196.gif





OPS/images/inline_92.gif





OPS/images/inline_193.gif





OPS/images/inline_9.gif
L





OPS/images/inline_194.gif





OPS/images/inline_90.gif





OPS/images/inline_199.gif
) £*





OPS/images/inline_95.gif





OPS/images/inline_2.gif





OPS/images/inline_96.gif
w,





OPS/images/inline_197.gif





OPS/images/inline_93.gif





OPS/images/inline_198.gif





OPS/images/inline_94.gif





OPS/images/inline_20.gif





OPS/images/inline_97.gif





OPS/images/inline_200.gif





OPS/images/inline_169.gif
VAErrG





OPS/images/inline_168.gif
Vwgue'

1

Ototal(Y,Y)

12

LY 0%t
DT Zep

OZcpa”





OPS/images/inline_170.gif
VAErvG





OPS/images/inline_60.gif
Gy (&, X)






OPS/images/inline_17.gif
L=TXfgpe





OPS/images/inline_167.gif
tel _ dtotal (YY) oY Zec" | 9Z L 9Zgng'
Vwppe'! = S5500 Sy Py T, SOHMG,





OPS/images/inline_166.gif
VAErvG





OPS/images/inline_172.gif
1

Wrmc $ 1
WemG | = WEMG' = Mvar_rmcY WEMG'





OPS/images/inline_171.gif
1

S+
WerG' - - recV WEEG'
WEEG WEEG ~ NvaE.





OPS/images/inline_174.gif
Ky, y € |EEG,EMG)





OPS/images/inline_173.gif
S+l
wre' ~ NV Wec!





OPS/images/inline_61.gif





OPS/images/inline_62.gif





OPS/images/crossmark.jpg
©

|





OPS/images/inline_65.gif





OPS/images/inline_66.gif





OPS/images/inline_63.gif
Q4 (Zy1Xy)





OPS/images/inline_64.gif





OPS/images/inline_69.gif





OPS/images/inline_7.gif
(>





OPS/images/inline_67.gif





OPS/images/inline_68.gif





OPS/images/inline_159.gif
0Zpc"""
FP—





OPS/images/inline_158.gif





OPS/images/inline_160.gif
t+1 _ Ototal (Y.Y) =9y 9Zpc"""
Vwcp'*! = 228l oV, . S2rc





OPS/images/inline_16.gif





OPS/images/inline_157.gif
ototal (Y.Y)
T3





OPS/images/inline_165.gif
VAErrG





OPS/images/inline_162.gif





OPS/images/inline_161.gif
1

Wcpa' 4]
) wcpa' = NepaV @cBa'
“ lCRA
ICBA ICBA





OPS/images/inline_164.gif





OPS/images/inline_163.gif
FrTTg





OPS/images/inline_175.gif
WEFG, WEMNG





OPS/images/inline_71.gif





OPS/images/inline_176.gif
WeRA





OPS/images/inline_72.gif





OPS/images/inline_70.gif





OPS/images/inline_179.gif
Zeee''' = VAEgeg (Xege, weee®)





OPS/images/inline_75.gif





OPS/images/inline_18.gif





OPS/images/inline_76.gif





OPS/images/inline_177.gif
Wwee





OPS/images/inline_73.gif





OPS/images/inline_178.gif
t=T:t<max:t++





OPS/images/inline_74.gif





OPS/images/inline_182.gif





OPS/images/inline_79.gif





OPS/images/inline_183.gif
Y = FC(Zcga*'', wret)





OPS/images/inline_180.gif
VAEene (Xewe, wengt)





OPS/images/inline_77.gif
7 ¢ RH*WxC





OPS/images/inline_181.gif
el
Zeene

S
Zeeet' . Zeng'

Sl





OPS/images/inline_78.gif





OPS/images/inline_149.gif
Liotal





OPS/images/inline_148.gif
LyvAr-EMG





OPS/images/inline_150.gif
LrEG





OPS/images/inline_15.gif





OPS/images/inline_156.gif
Liotal





OPS/images/inline_155.gif
Z.cRA





OPS/images/inline_152.gif
LEMG





OPS/images/inline_151.gif
VAErrG





OPS/images/inline_154.gif
LEEMG





OPS/images/inline_153.gif
VAErvG





OPS/images/inline_139.gif





OPS/images/inline_140.gif





OPS/images/inline_14.gif





OPS/images/inline_146.gif
Lrer





OPS/images/inline_145.gif
L cross—entropy





OPS/images/inline_147.gif
LvAr-FrG





OPS/images/inline_142.gif





OPS/images/inline_141.gif





OPS/images/inline_144.gif





OPS/images/inline_143.gif
Xy, ¥ € {EEG, EMG|





OPS/images/inline_52.gif
1bPy(X) = L(0, ¢: X)





OPS/images/inline_55.gif
L(6,¢:X)





OPS/images/inline_56.gif
Q (Z1X)





OPS/images/inline_53.gif





OPS/images/inline_54.gif





OPS/images/inline_59.gif
Gy (&, X)





OPS/images/inline_6.gif
f erG





OPS/images/inline_57.gif





OPS/images/inline_58.gif
Q (Z1X)





OPS/images/inline_130.gif





OPS/images/inline_13.gif





OPS/images/inline_136.gif





OPS/images/inline_135.gif





OPS/images/inline_138.gif





OPS/images/inline_137.gif





OPS/images/inline_132.gif





OPS/images/inline_131.gif





OPS/images/inline_134.gif





OPS/images/inline_133.gif





OPS/images/inline_129.gif





OPS/images/inline_120.gif





OPS/images/inline_126.gif





OPS/images/cover.jpg
, frontiers | Frontiersin Physiology

A motor imagery classification
model based on hybrid brain-
computer interface and
multitask learning of
electroencephalographic and
electromyographic deep
features





OPS/images/inline_125.gif





OPS/images/inline_128.gif





OPS/images/inline_127.gif





OPS/images/inline_122.gif
LvAr-FrG





OPS/images/inline_121.gif
L cross—entropy





OPS/images/inline_124.gif
A +A+A3<1





OPS/images/inline_123.gif
LyvAr-EMG





OPS/images/inline_12.gif





OPS/images/inline_119.gif





OPS/images/inline_116.gif
LvAr-FrG





OPS/images/inline_115.gif
Lrer





OPS/images/inline_118.gif





OPS/images/inline_117.gif
LyvAr-EMG





OPS/images/inline_112.gif





OPS/images/inline_44.gif
Q (Z1X)





OPS/images/inline_111.gif





OPS/images/inline_45.gif
Q (Z1X)





OPS/images/inline_114.gif
L cross—entropy





OPS/images/inline_113.gif





OPS/images/inline_43.gif





OPS/images/inline_48.gif





OPS/images/inline_49.gif





OPS/images/inline_46.gif





OPS/images/inline_47.gif
Q (Z1X)





OPS/images/inline_11.gif





OPS/images/inline_51.gif





OPS/images/inline_109.gif





OPS/images/inline_5.gif





OPS/images/inline_110.gif





OPS/images/inline_50.gif





OPS/images/inline_106.gif





OPS/images/inline_105.gif





OPS/images/inline_108.gif





OPS/images/inline_107.gif





OPS/images/inline_102.gif





OPS/images/inline_104.gif





OPS/images/inline_103.gif





OPS/images/inline_10.gif





OPS/images/inline_1.gif
()





OPS/images/inline_101.gif





OPS/images/inline_100.gif





OPS/images/fphys-15-1487809-g013.gif





OPS/xhtml/nav.xhtml
Contents

		Cover

		A motor imagery classification model based on hybrid brain-computer interface and multitask learning of electroencephalographic and electromyographic deep features		Objective

		Methods

		Results

		Conclusion

		1 Introduction

		2 Related work		2.1 VAE

		2.2 CAM

		2.3 MTL





		3 Datasets and preprocessing		3.1 Datasets

		3.2 Preprocessing





		4 Methods		4.1 Deep feature extraction module

		4.2 CAM

		4.3 MTL

		4.4 2M-hBCINet





		5 Experiment and discussion		5.1 Experimental setting

		5.2 Experiment and discussion





		6 Conclusion

		Data availability statement

		Ethics statement

		Author contributions

		Funding

		Acknowledgments

		Publisher’s note

		References









OPS/images/fphys-15-1487809-g012.gif





OPS/images/fphys-15-1487809-t002.jpg
Dataset Model Accuracy (%) Precision Recall

MI-EEMG 2M-hBCINet-C 805 82617 82.157 82386 80.654
| 2MABCINet-CEEGR 845 85.617 86.023 85.820 83.512
2M-hBCINet-CEMGR 88.6 90.235 90.845 90539 87.684

2M-hBCINet-CF 812 83.157 83.698 83427 80.951

M-hBCINet-CEEMGR 903 91,592 92.574 92.080 88.325
2M-hBCINet-CEEGRE 852 88.561 89.624 89.089 84.158
2M-hBCINet-CEMGRF 89.1 90.238 91.687 90.957 88.637

2M-hBCINet 915 93.546 93.648 93.597 89.651

WAY-EEG-GAL 2M-hBCINet-C 788 79.562 80.752 80.153 76.532
2M-hBCINet-CEEGR 815 81.968 82.345 82156 79.635
2M-hBCINet-CEMGR 863 87.628 86.355 86.987 84.523

2M-hBCINet-CF 805 80.457 80.354 80.405 76.428

M-hBCINet-CEEMGR 87.8 88.624 89.524 89.072 84.632
2M-hBCINet-CEEGRE 834 84,529 83.524 84.023 80.528
2M-hBCINet-CEMGRF 875 87.635 88.352 87.992 84.638

2M-hBCINet 893 91452 90.385 90915 94.852

ESEMIT 2M-hBCINet-C 80.6 81215 82.365 81786 78.952
2M-hBCINet-CEEGR 821 83.914 84.561 84.236 81.524
2M-hBCINet-CEMGR 882 89.226 88.954 89.090 86.321

2M-hBCINet-CF 813 [ 82.645 [ 82.648 | 82.646 78.514

M-hBCINet-CEEMGR 89.9 90.621 91.584 91.100 86,952
2M-hBCINet-CEEGRE 842 86.324 85.962 86.143 82.352
2M-hBCINet-CEMGRF 887 89.452 90.236 89.842 86.325

2M-hBCINet 90.6 93.612 92.584 93.095 96.325






OPS/images/fphys-15-1487809-t001.jpg
Dataset Model Accuracy (%) Precision Recall
MI-EEMG VAEgs; -CBA 812 82312 81543 81926 80251
VAEgyG - CBA 854 88553 88672 88612 81216
VAEgss - VAEpuc 843 87771 86.528 87.145 80115
2M-hBCINet 915 93546 93648 93.59 85618
WAY-EEG-GAL VAEgs; -CBA 813 83.562 81796 82700 78562
VAEgy - CBA 836 84523 84196 84359 79.653
VAEgs - VAEpc 829 84128 85.963 85.03 78956
2M-hBCINet 893 91256 90568 90911 87635
ESEMIT VAEgi - CBA 80.1 82617 8L152 81878 78.156
VAEgyG - CBA 835 85618 84612 85.112 81624
VAEgrs -V AEsvG 832 85.946 85.946 85.946 82653
2M-hBCINet 90.6 93612 92584 93.095 96325






OPS/images/inline_25.gif





OPS/images/fphys-15-1487809-g011.gif





OPS/images/fphys-15-1487809-g010.gif





OPS/images/inline_28.gif





OPS/images/inline_29.gif
Xy, ¥ € {EEG, EMG|





OPS/images/inline_26.gif





OPS/images/inline_27.gif





OPS/images/inline_31.gif
Ly, Y € {EEG, EMG}





OPS/images/inline_32.gif





OPS/images/inline_3.gif
Ly





OPS/images/inline_30.gif





OPS/images/inline_33.gif
v e |[EEG EMG)





OPS/images/fphys-15-1487809-g005.gif
e i il

o P
s 1k
2w

2 el

E—





OPS/images/fphys-15-1487809-g006.gif





OPS/images/fphys-15-1487809-g003.gif
w Al
R

.24 e

1745 KOS RO B K21 R

171 cos o3 o1 cou o1 o cre v

e
oo o





OPS/images/fphys-15-1487809-g004.gif





OPS/images/fphys-15-1487809-g009.gif
) Z
H

Mean Accuracy(%)
CTYPYIIYTL]

IEERERERRTTT:
Subject

H

Mean Accuracy(%)
sshessRIATRER

RN Ry I T R
‘Subject





OPS/images/fphys-15-1487809-g007.gif
(A) e [(B) e
|
£
gxk e
iE e
£ Vi GOt =9 i
£ 5] renen £ 50 [ eom
2 5 e 2 S v
TreT i wnnie  CTTTILii v
Subject Subject

H

rae
A
sidcDer
TSR3 N Wi T R0 e
‘Subject

Mean Accuracy(%)
GIaeBIRIRTRLS






OPS/images/fphys-15-1487809-g008.gif





OPS/images/fphys-15-1487809-g001.gif
[ Repe 2t






OPS/images/inline_34.gif





OPS/images/fphys-15-1487809-g002.gif





OPS/images/inline_35.gif





OPS/images/inline_38.gif





OPS/images/inline_39.gif
Q (Z1X)





OPS/images/inline_36.gif





OPS/images/inline_37.gif





OPS/images/inline_41.gif





OPS/images/inline_42.gif





OPS/images/inline_4.gif
L,

T X fppe





OPS/images/inline_40.gif





OPS/images/inline_229.gif
VAEpymc — CBA





OPS/images/math_6.gif
L(6,¢:X) = Eq, 2, | 16Qy (Z|X) - 1bPy (Z|X)| (6)





OPS/images/inline_23.gif





OPS/images/math_7.gif
i/ (Qu (ZIX)| Py (ZIX) + L(0.¢:X)  (7)





OPS/images/math_4.gif
(4)





OPS/images/inline_22.gif





OPS/images/math_5.gif
arg min Dyt (Qy (ZIX)IPy (ZIX) )
Eo, o0 [ 16Qy (ZIX) - 16P, (ZIX)] + 1B, (X)  (5)





OPS/images/inline_232.gif
p=0.05





OPS/images/math_qu1.gif
ew = %im,, (2M - KBCINet (x,).y,)





OPS/images/inline_233.gif





OPS/images/inline_230.gif





OPS/images/math_8.gif
irg max L(6,¢:X) (8)
g





OPS/images/inline_231.gif
VAEpp; — CBA





OPS/images/math_9.gif
(9)





OPS/images/inline_236.gif





OPS/images/logo.jpg
¥ frontiers | Frontiers in Physiology





OPS/images/inline_234.gif





OPS/images/inline_235.gif





OPS/images/inline_239.gif
VAEpp; — CBA





OPS/images/inline_24.gif





OPS/images/inline_237.gif





OPS/images/inline_238.gif
p=0.05





OPS/images/inline_242.gif
VAEpymc — CBA





OPS/images/inline_243.gif
VAEpp; — CBA





OPS/images/inline_240.gif
VAEpymc — CBA





OPS/images/inline_241.gif
VAEpp; — CBA





OPS/images/inline_244.gif
VAEpymc — CBA





OPS/images/inline_245.gif
VAEpymc — CBA





OPS/images/inline_98.gif





OPS/images/inline_201.gif





OPS/images/inline_99.gif





OPS/images/inline_204.gif
VAErvG





OPS/images/math_11.gif
1 oy
w2 ) an





OPS/images/inline_205.gif
VAErrG





OPS/images/math_12.gif





OPS/images/inline_202.gif





OPS/images/math_1.gif
(1)





OPS/images/inline_203.gif
VAErrG





OPS/images/math_10.gif
L(0.6:X) = ~Dxa(Q, (ZIX)IPa (21X) + T Y 16P4(X2")

LT[ - 6 - @] (i)
a0





OPS/images/inline_208.gif





OPS/images/math_15.gif
Yrilogs, (k=0.1) as)





OPS/images/inline_209.gif





OPS/images/math_16.gif
Ly = 3., max( D(f.c,) + m - min D(f ().).0) (16
@).)0)
=Yy, ( 06r) {0 )





OPS/images/inline_206.gif
VAErvG





OPS/images/math_13.gif





OPS/images/inline_207.gif





OPS/images/math_14.gif
MoZ (14)





OPS/images/inline_21.gif





OPS/images/inline_210.gif





OPS/images/math_18.gif
Liotat = M Lcrou-eutropy + Aalvar-sea + Msbvar-eve
=M =N A)Lrer (8)





OPS/images/inline_211.gif





OPS/images/math_19.gif
Y = sof tmax (wpcZggmc + byc) (19)





OPS/images/math_17.gif
D(f (xi).cy.

7)





OPS/images/inline_214.gif
VAEpp; — CBA





OPS/images/math_21.gif
TP/(TP + FP)





OPS/images/inline_215.gif
VAErvG





OPS/images/math_22.gif
Recall = TP/ (TP + FN)





OPS/images/inline_212.gif





OPS/images/math_2.gif
(2)





OPS/images/inline_213.gif





OPS/images/math_20.gif
Accuracy = (TP + TN)/(TP + TN + FP+ FN)  (20)





OPS/images/inline_218.gif





OPS/images/math_3.gif
Xgp € RN

(3)





OPS/images/inline_219.gif





OPS/images/inline_216.gif
VAEpymc — CBA





OPS/images/math_23.gif
2 x Precision x Recall)/ (Precision + Recall) (23)





OPS/images/inline_217.gif
VAErrG





OPS/images/math_24.gif
M ¢ |Accuracy, Precision, Recall F1 - score, ROC - AUC} (24)





