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A B S T R A C T   

Objective: The ability of a brain-computer interface (BCI) to classify brain activity in electroen
cephalograms (EEG) during motor imagery (MI) tasks is an important performance indicator. 
Because the cortical regions that drive the single-handed open and closed tasks overlap, it is 
difficult to classify the EEG signals during executing both tasks. 
Approach: The addition of special EEG features can improve the accuracy of classifying single- 
hand open and closed tasks. In this work, we designed a hybrid BCI paradigm based on error- 
related potentials (ErrP) and motor imagery (MI) and proposed a strategy to correct the classi
fication results of MI by using ErrP information. The ErrP and MI features of EEG data from 11 
subjects were superimposed. 
Main results: The corrected strategy improved the classification accuracy of single-hand open/ 
close MI tasks from 52.3% to 73.7%, an increase of approximately 21%. 
Significance: Our hybrid BCI paradigm improves the classification accuracy of single-hand MI by 
adding ErrP information, which provides a new approach for improving the classification per
formance of BCI.   

1. Introduction 

The brain-computer interface (BCI) eliminates the direct influence of nerves and muscles around the limbs and builds a direct 
pathway for information interaction between the brain and the external environment [1]. Electroencephalography (EEG) is a 
noninvasive electrical signal that can be easily obtained from the brain. BCI technology provides a new way for patients with intact 
nervous systems but physical disabilities to manipulate the external world. EEG-based BCI has the advantages of high temporal res
olution, safety, and portability. It can be applied to a variety of tasks, including but not limited to neurofeedback [2], restoring motor 
function in patients with paralysis [3], interacting with patients at risk of communication disorders [4], improving sensory processing 
[1], and controlling external devices such as robotic arms [5]. Decoding motor intent from brain optisignals is a core problem in 
achieving these functions. Several paradigms have recently been established for EEG-based BCI to extract a user’s motor intent, 
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including error-related potentials (ErrP) [6], motor-related cortical potentials (MRCP) [7], motor imagery (MI), and motor execution 
(ME) [8]. 

The MI and ME paradigms have significant performance in decoding the user’s motion intention, especially the motion of different 
lateral limbs (e.g., left/right hand and upper/lower). The areas corresponding to cortical activation during the execution or imagining 
of similar movements of the ipsilateral limb are close to or even overlap with each other [9], making the recognition of motor intent for 
similar movements more difficult. Current researchers have improved the decoding accuracy by using higher-density channels of EEG 
signals, more sophisticated preprocessing and classification algorithms, and classification of ME signals with more differentiated 
movements of different limbs. Liao et al. used high-density 128-channel recordings of ME signals and extracted the corresponding 
power spectrum features to decode ten pairs of finger movements (e.g., index finger to thumb, index finger to middle finger) within the 
same hand to obtain 77.1% accuracy [10]. Deng et al. applied a time-frequency synthesized spatial pattern BCI Algorithm [11] and a 
classifier-enhanced time-frequency synthesized spatial pattern algorithm [12]to 163 channel EEG signals of motion execution to 
classify the torque intentions of the elbow and shoulder. In the healthy subjects, the accuracies were 89% and 100%, respectively. 
Chakraborti et al. controlled the motion of a robot by classifying six types of ME signals from the fingers-shoulders-elbows on both sides 
of the limbs, with 87%, 67.5%, 68.39%, and 70.12% classification accuracy for the left and right limbs, elbows, fingers, and shoulders 
[13]. Because patients with motor function hemiplegia cannot control the injured limbs to perform motor tasks, it is not feasible to use 
ME signals to decode similar movements of the same limbs for neurological rehabilitation. The MI paradigm allows patients with motor 
function hemiplegia to voluntarily imagine rather than perform an action and to achieve neuromodulation rehabilitation by providing 
rewards through virtual reality or external robots performing the corresponding tasks. Owing to the limitations ossf the low spatial 
resolution and signal-to-noise ratio (SNR) of MI signals, MI-based BCI systems are extremely challenging to decode different MI tasks 
with similar body positions of the same limb. Similar movements of the ipsilateral limbs, such as hand opening and closing, assume 
important functions in life, and decoding hand movements by MI signals is important for hand rehabilitation training in stroke pa
tients. The current dichotomous classification of MI signals for single-hand open and closed movements is slightly higher than that of 
the random level [14]. Aleksandra and Francisco classified four different movements of the right wrist (extension, flexion, pronation, 
and supination), obtaining a classification accuracy of 58–82% [15]. The accurate recognition of MI signals for different hand 
movements can provide finer control for external devices. However, the accuracy of decoding similar hand motions using MI signals is 
low and needs to be improved urgently. Furthermore, the classification performance is highly dependent on EEG signal processing, 
especially advanced feature learning methods. 

Event-related potentials (ERPs) provide an important method for studying the human mind and brain, and the stability and per
formance of BCI systems, such as the P300-speller systems [16,17], can be improved by detecting ERPs. Error-related potentials (ErrPs) 
is an ERP resulting from the perception of erroneous behavior, characterized by an error between 50 and 100 ms after the events of the 
central EEG shows negative waves in the time domain, and is called a false negative potential (NE); then, the error between 200 and 
500 ms after the incident on the top area of the brain electrical signal in the time domain expression is a positive wave and is called 
false positive potential (PE) [18]. Similar to other ERPs, the ErrP is time-locked. Depending on the three types of error, there are three 
different types of ErrPs. When people need to make quick choices in a task, errors will occur. The latency of the negative wave is 
approximately 100 ms. This type of ErrP is called interactive ErrP. When people obtain the feedback state in the task, if the feedback 
state is wrong, the ErrP is called the feedback ErrP, and the latency is 250 ms. The third type of ErrP is called observation ErrP, which 
occurs when people find the occurrence of task execution errors in the process of observing the agent to perform tasks with a latency of 
250 ms [19]. The ErrP of the paradigm proposed in this article belongs to feedback ErrP. 

Methods to improve system robustness by automatically detecting ErrP in a BCI have been widely accepted by researchers. ErrP has 
been successfully applied to BCI based on sensorimotor rhythms (SRM) and ERPs. ErrP was used to identify and correct errors during 
the task execution. Bhattacharyya et al. used MI and P300 EEG signals to locate the position of the robotic arm and ErrP to correct the 
position deviation, which increased the average target attainment rate to 95% and improved the accuracy of the robotic arm 
movement execution [20]. Ciabattoni et al. added ErrP detection to a wheelchair system to reduce the rate of obstacles in 
semi-autonomous navigation and improve the safety of the system [21]. 

The combination of ErrP and MI is typically used to correct errors in MI tasks by determining whether there are errors after MI. This 
inspired us to conduct this article, the main contributions of this article are as follows: 1). In this article, a hybrid paradigm was 

Table 1 
Demographics of 11 subjects.  

Subjects Age Gender Handedness 

1 22 Male Right-handed 
2 23 Male Right-handed 
3 25 Male Right-handed 
4 24 Male Right-handed 
5 25 Male Right-handed 
6 24 Male Right-handed 
7 24 Male Right-handed 
8 24 Male Right-handed 
9 23 Female Right-handed 
10 22 Female Right-handed 
11 23 Female Right-handed  
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proposed to introduce ErrP into the single-hand MI experiment. The introduction of ErrP added new information to the MI process. The 
classification accuracy of MI was improved by detecting ErrP. To further improve the accuracy two correction strategies were proposed 
in the article. 2). EEG data from 11 healthy subjects were validated and the experimental results showed the superior performance of 
the proposed method. 

The article is structured as follows. Section 2 introduces the specific details of the method. Section 3 analyses the experimental 
results. Section 4 discusses the current work. And section 5 is the conclusion. 

2. Method 

2.1. Participants 

Eleven healthy subjects (eight males and three females, all right-handed, mean age ± SD = 23.5 ± 1.1years) without neurological 
disorders participated in this study. The demographic details of each participant’s age, sex, and handedness are listed in Table 1. All 
subjects signed an approved informed consent form before participating. All subjects were informed of the purpose and experimental 
process before the recording of the EEG. This study was approved by the Ethics Committee of Xi’an Jiaotong University. 

2.2. Paradigm 

In this article, we propose a novel hybrid BCI paradigm based on ErrP and MI, as shown in Fig. 1. In each run, a dark screen was first 
displayed for 2s, followed by a white cross for 2s. Subjects were asked to relax on a dark screen and paid attention when a white cross 
was displayed. An audio cue of “hand open” or “hand closed” was then played to tell the participant the MI task, while an image cue 
indicating hand movement for 2 s was played (fist to palm for hand open MI task and palm to fist for hand closed MI task). The 
probability of the hand opening cue was set at 50%. After receiving the cue, subjects imagined the initial gesture of the action 
execution (the fist gesture was the initial gesture for the hand opening action). Afterward, the paradigm displayed the image of the fist 
or palm feedback for 1s to elicit ErrP. When the picture feedback was different from the imagined feedback, the subject realized that 
the feedback was incorrect and ErrP was generated. The probability of error occurrence was set to 40%. After a short “di” sound cue, a 
video of the hand opening or closing was played for 3 s. The hand open/closed in the video corresponded to 6–7 s of image feedback, 
and if the image feedback was the fist to palm, the video would be displayed with the hand open. During this period subjects performed 
the previous 4–6s audio and image cues of the MI task. When the error occurred, the subjects actually performed a different MI task 
with the video task, and we denoted such an MI task a negative MI (Ne MI) task. When errors did not occur, subjects performed the 
same MI task as the video task, and we denoted such an MI task as a Positive MI (Po MI) task. At the end of the trial, an emoji was 
displayed for 2 s, allowing the subjects to blink and rest. The subjects were instructed not to blink at other times to reduce electro
oculographic artifacts from the EEG signals. Subjects performed two tasks in a single trial: the first task was the ErrP task in 6–7s and 
the second task was the MI task in 7–10s. The ErrP and MI tasks were randomized during the experiment, and the feedback image was 
the first frame of a video clip from the same trial. A trial lasted 12s. Each subject had a total of 20 runs, with each run containing 10 
trials lasting 120 s. The participants had a short rest period between each run. 

When the paradigm is running, the label of MI task (MI Label) and the label of video task (Video Label) are recorded and the label of 
Ne MI (Ne Label) is determined. When the MI task is Ne MI, Ne Label will be set to 1, which means this trail has error feedback. When 
the MI task is Po MI, the Ne Label will be set to 0, which means there is no error feedback for this trail. 

2.3. Data acquisition 

The experiment was conducted in a quiet room with the subject comfortably seated in an armchair, 70 cm from the display. The 
paradigm was displayed on a VOC screen at a refresh rate of 60 Hz. The subjects were asked to watch the screen and avoid body and eye 
moving during the task. 

Fig. 1. A hybrid BCI paradigm based on ErrP and MI is proposed in this article. The cue for Preparation is presented with a 50% probability of hand 
open and closed. The image feedback during observation and the video clip during MI appear different (error) with a 40% probability. There are 
voice prompts before the Preparation and MI. 
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In previous ErrP studies, EEG was usually acquired on Fz, FCz, CPz, and Cz [19]. In MI studies, electrodes are usually chosen from 
the C3 and C4 of the motor cortex [22]. Sixteen electrodes (F1, Fz, F2, FC3, FC1, FCz, FC2, FC4, C3, C1, Cz, C2, C4, CP1, CPz, and CP2) 
in the International 10-10 system were adopted in the experiments, as shown in Fig. 2. The EEG was collected using a g.USBamp (g.tec, 
Austria) system with a sampling rate of 1200 Hz. Signals were referenced to a unilateral earlobe and grounded in another earlobe. An 
online notching filter (48–52) Hz was utilized to remove power line interference. The impedance of all electrodes was kept below 5kΩ 
during the experiment. The presentation of the paradigm was controlled using Psychophysics Toolbox 3.0. 

2.4. Extract of MI ErrP 

ErrP is usually expressed in the form of a difference wave, which is obtained by subtracting the potential for correct task execution 
from the potential for error task execution in the same time window [23]. This article also used this expression to obtain the difference 
wave by subtracting the potential of correct feedback from the potential of error feedback and then drew three curves in the same 
picture. The collected EEG data were filtered at 4–10 Hz which contains the θ-band (4–7 Hz). The filter used was a fourth-order 
Butterworth filter. 

2.5. Extract of MI ERD 

The ERP phenomenon mainly manifests as a change in the energy amplitude of signals at different frequencies. When the human 
brain is engaged in thinking activity, it leads to an increase in the amplitude of certain frequency bands of EEG signals, a phenomenon 
known as Event-related Synchronization (ERS). In contrast, when the human brain performs thinking activities, it also decreases the 
amplitude of certain frequency bands of EEG signals, a phenomenon known as event-related desynchronization (ERD). Active thinking 
of the human brain, limb movement processes, and simple motor imagination without performing movement can lead to ERD and ERS 
phenomena, so the frequency amplitude changes of EEG signals during different motor imaginations can be studied as a theoretical 
basis for brain-computer interface technologies. 

There are many methods to calculate the ERD. The sliding window energy [24] was used in this article. Assume that Xk
ch(t) is the 

EEG signal of the chth channel at moment t after the 4th order 8–30 Hz Butterworth bandpass filtering of the original signal, where k 
indicates the data for the kth EEG segment under the hand opening or closing motor imagery task. Firstly, the square of the signal 
amplitude was calculated according to equation (1). 

Yk
ch(t) =Xk

ch(t)
2 (1)  

Then, a window of 1s was taken to slide over each point to calculate the average value as the energy Pk
ch(t) at the current point ac

cording to equation (2). 

Pk
ch(t) =

1
N

∑t+0.5

t− 0.5
Yk

ch(t) (2)  

where: N represents the number of sampling points in the time window. 
Calculation of the average energy during the baseline according to equation (3). 

Fig. 2. The location of the 16 selected electrodes in the International 10-10 system. 64-electrode system using international 10–20 standard. 
Reproduced with permission from http://www.mariusthart.net/downloads/eeg_electrodes_10-20.svg, ©Marius ‘t Hart - http://www. 
beteredingen.nl. 
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Pk
ch(t) =

1
L
∑t=t1

t=t0

Pk
ch(t) (3)  

where t0 and t1 represent the moments before and after the baseline, respectively, and L represents the number of sampling points 
during the baseline period. 

The percentage change in energy is then calculated according to equation (4). 

ERDk
ch(t)=

Pk
ch(t) − Rch

Rch
× 100% (4)  

Finally, the energy values were superimposed and averaged according to hand opening and closing to obtain ERD curves of the 
contralateral energy of the brain motor areas over time. 

2.6. Classification 

The raw data of each subject were filtered and segmented to obtain signals for 200 trials each during the ErrP and MI tasks. For ErrP 
tasks, data from 0.2 s before and 0.5 s after the occurrence of an error (image feedback) are captured as sample data. The final data 
format was a three-dimensional matrix with a size of 200 × 16 × 840. Among them, there were 80 trails of image feedback and gestures 
for the opposite case of the MI movement. In order to eliminate the influence of sample size imbalance in machine learning, data 
enhancement technique was used to expand it to 100 trails of data through interpolation (Wang et al., 2021). For the MI task, data were 
obtained from 3s EEG signals during the video clip, and the final data format was 200 × 16 × 3600. Among them, there were 100 trails 
of MI hand opening. Firstly, the acquired EEG data were filtered to 4–30 Hz using a fourth-order Butterworth filter to extract the ErrP 
and ERD of the MI. The common average reference was then applied to the data to further improve the SNR of the EEG data. 

Owing to the highly structured form of EEG data, many machine learning methods and pattern recognition algorithms have been 
applied to the classification of EEG signal data in recent years [25]. Some new machine-learning algorithms have been shown very 
powerful classification performance [26,27]. This article uses pre-processed EEG data as input features for training and classification 
using convolutional neural networks (CNN). The CNN architecture used in this article is an improvement inspired by reference [28]. 
Fig. 3 shows the CNN architecture used in this article to classify ErrP and MI signals. A CNN consists of five main layers: an input layer, 
two convolutional layers, a fully connected output layer, and an output layer. The network architectures for classifying ErrP and MI 
data are almost the same, with a slightly adjusted convolutional kernel. The input layer of the CNN has dimensions of Nch × Nfc × 1, 
where Nch represents the number of channels and Nfc represents the number of samples. This layer performs a 1D convolution on the 
channel dimension (Nch). The first convolutional layer kernel of the CNN for classification ErrP was Nch × 24 × 1, and the first 
convolutional layer kernel of the CNN for classification MI was Nch × 30 × 1. The goal of this layer is to learn to weigh the contribution 
of each channel differently. The number of convolutional kernels in the Conv_1 layer was two and four, and the dimensionality of each 
feature map was 1 × 409 and 1 × 51, respectively. The Conv_2 layer operates based on the spectral representation of the input. The 
kernel dimensions of this layer for the two CNNs are 1 × 4 × 2 and 1 × 12 × 4 respectively. The numbers of convolutional kernels in 
this layer were one and eight, respectively. The outputs of layers Conv_1 and Conv_2 were normalized. Normalization has been shown 
to reduce the internal covariance within the input samples, resulting in samples with zero average and unit variance [29], which, in 
turn, improves the generalization performance and training speed of the neural network [30]. The output layer of the network consists 
of two units corresponding to both the hand open/closed tasks. The output layer is equipped with a softmax function to output the 
probability of a given input segment belonging to a specific class. 

The statistical results of this article were analyzed by paired t-test and repeated measure ANOVA. These statistical test methods 
were calculated by using SPSS 24.0 mathematical tool. All methods were implemented with MatlabR2021b on a computer (3.2 GHz 
CPU, R7-5800H, 16 GB RAM). 

Fig. 3. CNN architecture of ErrP and MI. CNN is composed of five layers, an input layer, two convolutional layers, a fully connected layer, and an 
output layer. The kernel parameters of the convolution layer are different for ErrP/MI classification tasks. Kernel 1 (including Kernel 1_1 and 1–2) 
represents the convolution kernel for classifying MI. Kernel 2 (including Kernel 2_1 and 2-2) represents the convolution kernel for classifying ErrP. 
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2.7. Correction strategy 

For the classification of the CNN, which is a 2-class MI classification, the result is compared with the actual motion MI labels to 
determine whether the classification is correct. The hybrid paradigm proposed in this article used different classification strategies to 
obtain different results. In addition to classifying MI directly by CNN, the MI task could be inferred by detecting ErrP. We used image 
feedback and video clips as labels (video Label) to infer MI tasks (Fig. 4). During the experiment, if ErrP was detected, we assumed that 
the subject performs the MI task in the opposite direction of the motion in the video clip. 

After obtaining the MI classification result (MI Result) of the CNN, we used correction strategies to correct it and used it as the final 
classification result (Corr Result). Our correction strategies uses image feedback and video clips as labels (Video Label) in the hybrid 
paradigm proposed in this article to correct the classification result of the CNN. During the experiment, if ErrP was detected, we 
corrected the MI Result to be the opposite task of the Video Label. The following two correction strategies are proposed in this article:  

1. ErrP Corr MI: The correction strategy for correcting MI classification results using ErrP is: if the ErrP signal is detected, the MI task 
performed by the subject is considered the opposite of the video action task, and it will be treated as a correction result. If ErrP is not 
detected, the MI task performed by the subject is considered the same as the video action task, and the video label will be used as the 
correction result. The four classification results for different video motions (where ErrP was considered to be detected) were then 
corrected. Two incorrect classification results were corrected and the other two correct classification results were retained. Fig. 5 
shows the correction cases for the hand-open MI task using the ErrP classification result. For the case in which the MI task is hand 
open, the video task is hand closed, and the image feedback is also hand closed, there are four MI and ErrP classification results. In 
the case of incorrect MI classification results (Fig. 5 (a) and (b)), the MI results are corrected to the right classification results once 
ErrP is detected. In the case of correct MI classification results (Fig. 5 (c)), the accuracy of the classification results is not affected by 
whether ErrP is detected or not.  

2. Ne Corr MI: The classification label of ErrP is Ne Label, and we further use Ne Label to correct the MI classification results. The 
correction strategy is: as long as the Ne Label recorded in the paradigm running is 1, the task opposite to the Video Label is used as 
the correction result. The correction strategy is shown in Fig. 6 (see Algorithm 1 for the calculation procedure). The classification 
accuracy is significantly improved after correction using this strategy. For hand opening and closing MI, the classification results of 
the CNN corresponded to eight different cases when the MI task and the picture feedback/video clip presented the same (Po) and 
different (Ne) motions. Compared with the classification results before correction, the number of corrected results has increased 
and the classification accuracy has improved. 

3. Results 

3.1. ErrP and MI ERD 

Fig. 7 shows the optimal performance of the single-subject average ErrP features of all the subjects in the four channels Fz, FCz, CPz, 
and Cz. The average ErrP features of each participant (Fig. 7 S1–S11) were observed. After EEG signal processing, all Po and Ne trials 
were averaged and got difference wave (diff) from Ne minus Po. Subject 11 (Fig. 7 S11) exhibited the most obvious ErrP features in the 
Fz channel. The Ne signal showed a large negative wave at approximately 250 ms, and the negative wave began to decline from 200 
ms, while the Po signal only fluctuated slightly. Due to individual differences among subjects, ErrP occurred at different times, but they 
all occurred at about 0.2s to 0.4s after the feedback of wrong images. The scalp distribution of ErrP was then analyzed. With correct 
image feedback, the overall distribution of activated areas in the cerebral cortex of subject 4 was relatively stable (Fig. 8a), while the 
error state showed a spatial distribution and a temporal change in voltage amplitude reduction for multiple electrodes from 300 ms to 
350 ms (Fig. 8b). Subject 4 had negative wave production in the vicinity of Cz and Fz channels, with more features (blue areas) 
produced in the anterior half of the brain compared to other regions, which is the same result obtained in previous studies where error- 
related potentials were concentrated in the midline channels of the brain [6]. The reason for having negative wave features in large 
areas of the prefrontal lobe is the overall correlation of brain signals and the prefrontal lobe itself is a brain region associated with 

Fig. 4. Using ErrP detection results to infer MI tasks. If ErrP is detected, we use the task opposite to Video Label as the inference result of the 
MI task. 
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Fig. 5. Three cases of using the ErrP Corr MI strategy to correct hand-open MI tasks. Red blocks indicate incorrect classification results and green 
blocks indicate correct classification results. In the case of Ne MI task, the wrong MI result can be corrected to the correct result if ErrP is detected 
(a), and cannot be corrected if ErrP is not detected (b), and the correction method does not change the correct MI result (c). (For interpretation of the 
references to colour in this figure legend, the reader is referred to the Web version of this article.) 

Fig. 6. Eight cases of using the Ne Corr MI strategy to correct MI results. The block in red colour is the wrong result, block in green colour is the 
right and correction result, and block in brown colour is Ne Label. Six of these cases will get the correct classification result. (For interpretation of 
the references to colour in this figure legend, the reader is referred to the Web version of this article.) 

Fig. 7. The optimal performance of the single subject average ErrP features of all subjects in the four channels Fz, FCz, CPz, and Cz. (p < 0.05). 
Time 0 ms corresponds to the start of Image Feedback. Ne generates a negative wave from 200 ms and has a large negative wave at about 250 ms, 
while Po only fluctuates slightly. 
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cognition. 
Fig. 9 shows the average band power ERD of the C3 channel for all subjects (S1–S11) in the hand-open and hand-closed MI tasks. 

The ERD in the EEG signals of most individual subjects was significant, and the average ERD for all subjects was retained. For both 
hand-open and hand-closed, the average ERD of all subjects showed ERD phenomena during the beginning phase of the experiment (0s 
to 5s) and again significantly at the beginning of the MI task (5s). 

Fig. 8. Grand-averaged topographical distribution of subject 4 during the image correct feedback (a) and the error feedback (b). Red represents ERS 
and blue represents ERD. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.) 

Fig. 9. The average MI ERD in 8–30Hz of C3 channels for all subjects in the hand open/close MI tasks. Time 0 corresponds to the beginning of the 
experiment (the 2 nd s in the paradigm), and time 5 (the 7th second in the paradigm) corresponds to the beginning of the video clip. A significant 
ERD occurs around time 5s. 
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3.2. Classification accuracy 

Each subject’s data were classified using the built CNN neural network. Classification results were obtained for five different 
methods. In the experimental paradigm described in Section 2.1, the probability of error occurrence was set to 40%. Among the 200 
groups of data collected by each subject, 120 were MI data and 80 were ErrP data. 

The first method uses the data enhancement technique mentioned in section 2.6 to expand the same MI task test (Po MI) data from 
120 video clips into 200 trails of Po MI data for classification. The second method is to classify 200 MI task trials (Po + Ne MI). The 
third method is to classify 200 ErrP tasks and infer MI tasks using the method described in subsection 2.7. The fourth and fifth methods 
use ErrP Corr MI and Ne Corr MI methods described in subsection 2.7 to correct the classification results of Po + Ne MI, respectively. 
For five cases, the first 100 task data collected from each subject’s experiment were used to train the model, and the last 100 task data 
were used to test the model. Table 2 and Fig. 10 show the accuracy of the five cases for all the subjects. 

The Ne Corr MI accuracy was above 70%, the Po + Ne MI accuracy was above 60%, and the Po MI accuracy and Po + Ne MI 
accuracy were slightly higher than 50%. Compared with Po MI, Po +Ne MI had an average improved accuracy of 9.1%, and Ne Corr MI 
had an average improved accuracy of 21.3%. Ne Corr MI had the best classification performance in S10 (82%), an improvement of 29% 
compared with Po MI. For ErrP detection, the accuracy was approximately 63% and the ErrP Corr MI accuracy was approximately 
55%. Fig. 11 shows the average accuracy for all cases. A repeated measures ANOVA was conducted on the classification accuracy of 11 
healthy subjects under the 5 classification methods, and the Greenhouse-Geisler estimate of deviation from sphericity was w = 0.57, 
with significant differences between the 5 classification results (F(2.29,22.9)=177.583, p<0.0001, bias η2=0.95). Multiple compar
isons showed that Ne Corr MI classification accuracy was significantly higher than Po MI classification accuracy (t(40)=14.76, 
p<0.001,d=21.1), Po + Ne MI classification accuracy (t(40)=1.56, p<0.001,d=3.21), ErrP classification accuracy (t(40)=-8.2, 
p<0.001,d=-20.7), and ErrP Corr MI classification accuracy (t(40)=12.14, p<0.001,d=15.4). 

In terms of binary classification of MI signals from single-hand open/close motion, the accuracy of Po MI was improved by 10.9% 
from 52.3% to 63.1% using the classification results of ErrP to infer MI tasks (ErrP). This means that new information contained in ErrP 
can help MI obtain higher classification accuracy. After the introduction of ErrP (ErrP Corr MI), the accuracy of Po MI increased from 
52.3% to 55.3%, which indicates the effectiveness of this correction strategy. This result will be further improved when ErrP has a 
higher classification accuracy. It should be noted that in the case that the ErrP classifier identifies the EEG during the correct feedback 
as ErrP and the MI classification result is correct, the correction result will be incorrect and reduce the MI classification accuracy. The 
proposed correction strategy Ne Corr MI can further improve the classification accuracy based on the introduction of ErrP, and the 
classification accuracy can be improved by up to 25% in S8. This indicates that the correction strategy has a significant impact on the 
classification accuracy and can improve the classification accuracy of MI from the original random level to higher separability. This 
method can be introduced into other difficult MI tasks to improve classification accuracy. 

To evaluate the classification performance, we used two baseline models based on support vector machine (SVM) in the MI-based 
BCI study: CSP+SVM [31] and FBCSP+SVM [32]. Table 3 shows the performance of CNN compared to traditional methods for 
classifying ErrP and Po MI (p<0.0001). The results show that there are significant differences between the comparison and the CNN 
models. The classification results of the CNN showed a good and stable performance for all subjects. 

4. Discussion 

In the case of Ne Corr MI, the classification accuracy improved by 29% in subject 10. However, the accuracy in the ErrP-Corr MI 
case was only improved by 5%. Different ErrP accuracies will result in different accuracies of ErrP Corr MI. In addition, the accuracy of 
Po + Ne MI and the number of Ne labels can cause different correction accuracies. For ErrP accuracy, if we remove the trials that we 
don’t think are Ne trials in the Ne-labelled trials and remove the trials that don’t think are Po trials in the Po-labelled trials, and use the 
remaining data for training and classification, we can achieve an accuracy rate of over 75%. Previous studies [33]have taken out trails 
with insignificant characteristics. When the trained model was used to classify the entire dataset without removing any data, the 
accuracy was still only approximately 62%. Because we informed the subjects to cooperate with the experiment, we finally decided to 
use the entire data for training and classification. If other methods can be used to improve the classification accuracy of ErrP, the 
ErrP-Corr MI results can be improved. 

Owing to the introduction of new features at different times, there are other classification schemes for this paradigm. By combining 
the ErrP two-class classification during the ErrP task and the MI two-class classification during the MI task, a four-class classification 
can be achieved. In addition, during the MI task, there are two kinds of hand open and closed MI in correct and error, which can be 
classified into four categories. Similarly, during the ErrP task, there are two kinds of Po and Ne in hand open and closed MI, which also 

Table 2 
Classification accuracy of different cases of all subjects.   

S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 Average 

Po MI 52 53 55 50 53 55 51 50 52 53 52 52.3 
Po + Ne MI 62 63 62 58 60 61 62 62 58 66 62 61.4 
ErrP 67 62 64 61 62 64 59 62 66 62 65 63.1 
ErrP Corr MI 57 55 55 54 56 55 54 54 54 57 57 55.3 
Ne Corr MI 70 71 74 74 72 75 71 75 73 82 73 73.7  
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can be classified into four classes. 
The error probability set in this study was 40%. The conclusion drawn by predecessors in the experiment is that the lower the error 

probability, the greater the potential drop in the ErrP is [6]. It should be noted that different subjects and paradigms may have different 
peaks, latencies, and durations, so the research on the paradigm proposed in this article can also be carried out from the perspective of 
error probability. We conducted experiments with subject 3 at three different error rates: 20%, 30%, and 40%. Fig. 12 shows different 
waves in different error probabilities in FCz of subject 3. At an error rate of 20% (Fig. 12 (a)), the negative wave peak latency of subject 
3 was around 250 ms, followed by a distinct positive wave peak, and the ErrP characteristics were consistent with a previous study 

Fig. 10. Classification accuracy of different cases of all subjects. In each subject, the average accuracy of Ne Corr MI was significantly higher 
compared to Po MI, with S10 (Female) being the highest at 82%. 

Fig. 11. The average accuracy of all subjects. Compared with Po MI, the Ne Corr MI strategy increased by 21.3%, with the largest increase. There 
were statistically significant differences in the classification results for the five classification cases (p<0.0001). 

Table 3 
Classification accuracy of different metho of all subjects.   

S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 Average 

CSP + SVM Po MI 43 50 49 49 51 53 53 a55 46 48 52 49.9 
ErrP 51.3 62.5 31.3 48.8 33.8 a56.3 46.3 53.8 53.1 45.5 47.2 48.2 

FBCSP + SVM Po MI 51 51 50 a56 51 50 56 56 52 55 50 52.5 
ErrP 56.3 56.3 50 a61.3 37.5 43.8 45 60 53.3 58.2 54.3 52.3 

CNN Po M 52 53 55 50 53 a55 51 50 52 53 52 52.3 
ErrP a67 62 64 61 62 64 59 62 66 62 65 63.1  

a Represents the highest accuracy for each classification method.). 
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[19]. At error rates of 30% (Fig. 12 (b))and 40% (Fig. 12 (c)), the negative crest latency of subject 3 was around 300 ms, with higher 
error rate conditions producing lower amplitude ErrP, which is consistent with the study [6]. They also reported a decrease in 
amplitude at higher error rates, which was also found in our experiments, where the positive peak latency of ErrP caused by the 
condition when the error rate was 40% was lower. We observed that the negative wave had the lowest crest when the error rate was 
40%, which is different from previous studies. 

For the paradigm proposed in this article, because of its complexity, for a single trial, from the beginning of the cue to the end of the 
motor imagery task, all of them had a hand-related voice, picture, or video cue, which may cause ERD. As shown in Fig. 13, for the 
energy change of a single trial in hand open task (Fig. 13 (a)) and hand closed task (Fig. 13 (b)), the occurrence of cross decreased once, 
followed by a decrease in cue, and then after the picture feedback, there was a decrease, and there was still a decrease during motor 
imagery. The EEG of the 2–4s image feedback can be considered as action observation (AO). The ERD phenomenon in MI (5–8s) stage is 
more obvious than that in AO (2–4s) stage, which is consistent with the results of previous studies [34]. 

In this study, we used ErrP to improve the accuracy of MI and did not show or analyse many features. In the Ne and Po cases, MI 
ERD has different features. Fig. 14 shows the average ERSP of the C3 electrode in the Ne (Fig. 14 (a) and (b)) and Po cases (Fig. 14 (c) 
and (d)), where the ERD features in the Ne case are more pronounced, and the frequency band is wider. In the hand-closed MI task 
(Fig. 14 (a) and (c)), ERD features were more frequently expressed in the high-frequency band above 13 Hz in the Ne task than in the Po 
task. By contrast, in the hand-open MI task (Fig. 14 (b) and (d)), ERD features in the high-frequency band above 20 Hz were more 
frequently represented in the Ne task than in the Po task. 

To apply this paradigm in real life, it is necessary to consider the error rate, classification accuracy of ErrP, and other factors. 
Meanwhile, the paradigm still has many other potential research points, such as the MI ERD features in the Ne and Po cases, four-class 
classification, and the features of MI in the multi-cue case. 

It is worth mentioning that the effect of using different brain signals to classify similar movements of the ipsilateral limb differs 
considerably. Liao et al. achieved 91.28% decoding of complex dexterity functions of fingers in electrocorticogram (ECoG) signals from 
epileptic patients [10]. The ECoG signal is recorded directly in the cerebral cortex, which possesses a very high spatial resolution and 
signal quality, and contains a wealth of characteristic information. The ME signal with a high electrode density can also achieve 
approximately 80% accuracy in decoding similar movements of unilateral limbs after task-specific feature extraction [11], and the 
motor activation of muscles may provide effective features for classification. However, this classification accuracy is not stable, and the 
classification accuracy is less than 60% in some tasks [15]. The MI task requires imagining muscle movements with high user fatigue, 

Fig. 12. Average difference wave in FCz of different error rates (20% (a), 30% (b), 40% (c)) of subject 3. Time 0 corresponds to the start of 
image feedback. 
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Fig. 13. Average MI ERD of subject 1 for hand open task (a) and hand closed task (b) in the C3 channel. Time 0 corresponds to the start of the white 
cross. 2–4s for AO stage, 5–8s for MI stage. 

Fig. 14. The average ERSP of C3 electrode in Ne and Po tasks for all subjects. Time 0 corresponds to the start of the white cross. The ERD features in 
the Ne tasks are more pronounced and the frequency band is wider. 
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and it is impossible to confirm whether the correct imagery is performed according to the given instructions. Combined with the high 
overlap of brain signals from similar movements of the ipsilateral limb, these difficulties result in a low MI classification accuracy. The 
hybrid paradigm introduces other physiological measurements into the EEG-BCI paradigm [1]. These signals can add new auxiliary 
information to MI signal decoding to improve the decoding accuracy. 

Because the cortical regions that drive the single-handed open and closed tasks overlap, it is a challenging task to classify both tasks 
by MI signals. Improving decoding accuracy of similar movements in the same side of the limb allows for more accurate and flexible 
control of external devices such as mechanical prostheses. It could also lead to better hand rehabilitation for stroke patients. The 
current dichotomy of different movements of the single-hand is at a random level [14], and multi-category classification is more 
complex and the classification effect is worse. In this article, we propose a new hybrid paradigm based on MI and ErrP, which can 
significantly improve the decoding accuracy of hand open and closed actions using simple classification strategies. 

This work has some limitations as follows: 1). The accuracy of ErrP is crucial to the effectiveness of the correction strategy. The 60% 
ErrP detection rate achieved in this article using the CNN method needs to be improved. More in-depth studies to improve the ErrP 
classification accuracy should be conducted in the future to achieve further development of the application potential of this paradigm. 
2). It is meaningful to investigate in depth the decoding of continuous EEG rhythms during action observation, movement imagery, and 
movement execution in the single-hand open/closed task. In this article, the ERD phenomena of action observation and motor imagery 
were preliminarily observed in terms of temporal sequence. 3). This article focuses on the improvement of MI classification accuracy by 
the introduction of ErrP. More sample sizes, feature extraction and classification algorithms should be investigated in the future to get 
the best classification results. 4). In future research, in addition to this article on hand opening/closing, further exploration can be 
conducted for the classification of more different hand fine movements to expand the application of the paradigm. 

5. Conclusion 

In this article, we propose a new BCI paradigm that combines the ErrP and MI paradigms. It can simultaneously obtain the features 
of the ErrP and MI phases in an experiment and can be used to classify EEG signals. The addition of ErrP provided a new feature to the 
MI paradigm. We used this new feature to improve the MI classification accuracy. The correction strategy can improve the accuracy of 
MI classification by approximately 20% for single-hand opening and closing. This study contributes to the construction of a BCI system 
with good classification performance, which can be used for controlling exoskeletons and for rehabilitation training of stroke patients 
in the future. 
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