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Abstract. Effectively extracting EEG data features is the key point in Brain 
Computer Interface technology. In this paper, aiming at classifying EEG data 
based on Motor Imagery task, Deep Learning (DL) algorithm was applied. For the 
classification of left and right hand motor imagery, firstly, based on certain single 
channel, a weak classifier was trained by deep belief net (DBN); then borrow the 
idea of Ada-boost algorithm to combine the trained weak classifiers as a more 
powerful one. During the process of constructing DBN structure, many RBMs 
(Restrict Boltzmann Machine) are stacked on top of each other by setting the 
hidden layer of the bottom layer RBM as the visible layer of the next RBM, and 
Contrastive Divergence (CD) algorithm was also exploited to train multilayered 
DBN effectively. The performance of the proposed DBN was tested with different 
combinations of hidden units and hidden layers on multiple subjects, the 
experimental results showed that the proposed method performs better with 8 
hidden layers. The recognition accuracy results were compared with Support 
vector machine (SVM) and DBN classifier demonstrated better performance in all 
tested cases. There was an improvement of 4 – 6% for certain cases. 
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1 Introduction 

Brain-computer interface is a communication control system without depending on the 
normal output pathways that composed by brain, peripheral nerve and muscles, that can 
transfer brain information and realize control by using computer or electrical device to 
analyze the brain activities under specific task [1].  

A lot of studies have done by Shang-Lin Wu and his follows indicates that using the 
common spatial pattern (CSP) for feature extraction from EEG and the linear 
discriminate analysis (LDA) for motor imagery classification obtained an average 
classification accuracy of 80% for two subjects [4]. Additionally, Yohimbe Tom ita et 
al. proposed bimodal approach that using near infrared spectroscopy (NIRS) 
simultaneously with EEG to measure the hemodynamic fluctuations in the brain during 
stimulation with steady-state visual evoked potentials (SSVEP) made the wrong 
classification for 9 classes for 13 subjects [7,18]. The studies conducted by Like’s 
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group demonstrated that combining multi-scale filters and Principal Component 
Analysis (PCA) to enhance the classification performance in identifying EEG signals 
works and achieve a classification accuracy of 91.13% [2]. 

Deep Learning is a new field in itself in the machine learning whose motivation is to 
simulate the human brain’s mechanism to explain the data by the composition of 
multiple non-linear transformations of the data, with the goal of obtain more abstract 
and ultimately more useful representation [3-5].  

Despite the success of DBN, its application in Electroencephalogram (EEG)-based 
Brain Computer Interaction (BCI) is still rare. The main difficulty is the enormously 
high feature dimensionality spanning EEG channel, frequency, and time [10]. Deep 
Learning algorithm has shown superior learning and classification performance in 
fields such as computer vision, natural language processing and other areas for its 
excellent feature extraction capabilities except the field of EEG data analysis [15]. In 
this paper, a classify method was proposed based on deep learning with Ada-boost 
algorithm. Using this method, the misclassification rate of EEG signals decreased even 
using fewer channels. The final powerful classifier is combined by several weak 
classifiers which are trained using single channel data. 

The sections below are our learning method and experiments. Section 2 mainly 
describes the RBM and DBN method and Section 3 presents our experimental results 
on MI EEG dataset. 

2 Method 

2.1 Theory of Deep Learning 

Deep learning algorithm focus on learning multiple levels of representation of raw data 
automatically, using a deep architecture which composed of many hidden layers. This 
algorithm automatically extracts the high-level features necessary for classification 
which involving more meaningful information that hierarchically depends on other 
features. Here we use DBN model which formed by a plurality of RBM, each RBM is 
trained greedily and unsupervised [5]. 

An RBM has a single layer of hidden layer that are disconnected with the units in the 
same layer and have undirected, symmetrical connections to the units in the visible 
layer which makes it easy to compute the conditional probabilities. The key issue of 
training the RBM is to get generative weights. As shown in Fig. 1, W represents the 
weights between visible and hidden layers, b, c correspond to the bias of visual and 
hidden layer respectively [3]. 

The type of RBM we employed in this work is Gaussian RBMs which use 
real-valued visible units for training the first layer of the DBNs. Fig. 1 shows the 
structure of the RBM: 
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Fig. 1. Structure of RBM 

2.2 Classification of MI Based on Deep Belief Net 

Now, let v represents the feature vector containing only one channel features. An RBM 
defines a joint distribution on it, regard as the visible units in DBN and h, the hidden 
units as follow format [13]: 
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Where Vj,hj are the binary states if visible unit i and hidden unit j, ai, bj are their biases 
and wij is the weight between them. The network assigns a probability to every possible 
pair of a visible and a hidden vector via this energy function: 
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The probability that the network assigns to a training data can be optimized by 
adjusting the weights and biases to lower the energy of it. The derivative of the log 
probability of a training vector with respect to a weight calculated as follow: 
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Where the first item is the expectation of əE(v,h)/əwij responds to the training set D 
and the hidden variables are sampled according to the conditional distribution of the 
dataset on p(h|v), given a randomly selected training sample, v, the binary state, hj , of 
each hidden unit, j, is set to 1 with probability 
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Where σ(x) is the logistic sigmoid function 1/(1+exp(-x)). vihj is then an unbiased 
sample. 

For no direct connections between visible units in an RBM, it is also the way to get 
unbiased sample of the visible unit similar as hidden unit, given a hidden vector 
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For training an RBM classifier, the joint distribution of data and class labels, the visible 
vector is concatenated with binary vector of class labels. The energy function becomes: 
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Where l is the binary class label and wij is the weights between hidden and label units. 

2.3 Boost of the Single Channel Deep Belief Net 

Based on the former test performance of the single channel, we adopt the idea of 
Ada-boost algorithm [8] that combine the weak classifier to one more powerful 
classifier [19][20]. Here the channel C3, C4, Fc4 were chose as the meta data and the 
combination tactics to boost each weak classifiers refer to follow [15][16]: 
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Where ck is the estimated coefficient for each DBN model and each DBN model is 
produces a discrete classification for input data [17]. 

The whole structure of our model based on DBN shows as follow: 

 

Fig. 2. Structure of the final model 

3 Experiment 

3.1 Experimental Data 

The experimental data was collected from 4 subjects, all of them are students, male and 
without brain disease history. 30 trials left-hand imagination EEG data and 30 right 
ones were selected as sample for analysis for each subject. Fig. 3 shows the way to get 
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the final data which contained 7s data, of which the search adopted the data from 3s to 
7s, sample rate is 250HZ/s and each of them contained 4s data, which means that each 
of them have 1000 sample points.  

For the EEG data, de-noising processing and filtering were applied such as 
Elec-tro-Oculogram (EOG) as well as separated the data according to the channel. The 
EOG is removed by the Neuroscan software. And for the filtering work, this paper 
mainly analyzes the frequency band of 8-30Hz. So an elliptic filter was designed, with 
band-pass from 8 to 30Hz. And then converted the time domain data to frequency 
domain data via FFT (Fast Fourier Transformation) algorithm.  

 

Fig. 3. Experiment time distribution for one trial 

3.2 Test on Combine of the Single Channel 

For each subject, 20 trials were selected as the train set from the total data with the 
remaining data to be the test samples from each channel. The weights were randomly 
initialized and the turning parameters were set as: learning rate for weight and biases = 
0.07, momentum=0.5 and weight decay = 0.002. Four to sixteen layers were trained and 
tested for each channel of every subject. The results for eight layers worked better than 
others and the performance of nine and ten or more layers were very similar. In the 
paper we have not shown results for all of the layers due to space limitations. Table 1 
shows the result of the classification performance with 7,8, 9, 10 layers respectively, 
using a fixed layer size of 2048 under the same condition and the result shows that the 
average recognition rate of DBN with 8 hidden layers is 0.81 which is higher than 
others. 

The result for every subject with different hidden layers lists as Table 1 and the 
number represent the recognition accuracy rate: 

Table 1. Performance of DBN with different layers 

Subjects 
DBN 

7 hidden layers 8hidden layers 9 hidden layers 10 hidden layers 

SHY 73% 85% 83% 80% 

XB 56% 65% 59% 58% 

ZJH 44% 77% 78% 74% 

WDM 82% 95% 94% 96% 
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According to the results above which shows that the DBN classifier outperform 
others with 8 hidden layers, then we did the test for the different combination of hidden 
units under this condition, the result shows that there’s no obvious effect on the 
performance. Table 2 shows the final performance of the recognition rate of all cases. 

Table 2. Performance of DBN with different hidden nodes 

Subjects 

DBN_8 layers 

2000-800

-700-600

-500-300

-200-900 

3000-1800-1

700-1600-15

00-1300-120

0-900 

4000-1100-

1200-1300-

1400-1500-

1600-900 

5000-2100-2

200-2300-24

00-2500-260

0-900 

6000-310

0-3200-33

00-3400-3

500-3600-

1900 

8000-2100-

2200-2300-

2400-2500-

2600-1900 

SHY 83% 84% 84% 85% 84% 85% 

XB 65% 66% 65% 65% 65% 64% 
ZJH 73% 75% 77% 77% 75% 74% 
WDM 96% 94% 93% 95% 95% 95% 
 
The performances of SVM based on the same input features was further 

investigated.Fig.4 shows the contradistinction of recognition accuracy for DBN and 
SVM, the performance of SVM is inferior to that of DBN and the discrepancy is 
particularly evident for subject ZJH and WDM. 

 

 

Fig. 4. The recognition accuracy of DBN vs. SVM 

3.3 Experiment on Time Series 

The experimental data was by time segments, and each section contains 1s as data to be 
classified. Fig.4 presents the performance of classification with different subjects. 
From the figure we can see that the average recognition rate of first 2 seconds can reach 
83%, while the last 2 seconds is lower, we can explain that at the beginning of the 
experiment the subjects can preferably focus on the motor imagery experiment, but 
with the passage of time, the subjects may get absent-minded which would affect the 
validity of the experimental data, and finally leads to the low recognition accuracy.  
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Fig. 5. Classification accuracy of time series 

4 Conclusion 

In this paper, a DBN classifier model for the classification of MI pattern is proposed. In 
the research, results showed consistent improvements for all tested cases over SVM 
through multiple cross-validation experiments. The test on different combination of 
hidden units was conducted, and it is found that the number of nodes had no obvious 
effect on the performance of classification. The experimental results showed that Deep 
Learning algorithm performs effectively on the task of classification with MI data. And 
the experimental results of time series show that the performance of classification 
depends on concentration of the subjects, for the accuracy rate is affected greatly by the 
status of the subject. Deep learning plays an important role in the process of 
classification because it can learn the advanced abstract representation from numerous 
unlabeled data. Our study suggests that DBN has great potential to be a powerful tool 
for the BCI research.  

For the next stage, we’ll try to employ this algorithm into classification of 
Multi-class based on EEG data, and merge more channels in order to take full use of the 
EEG data information to achieve better recognition results. 
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