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Abstract. Electroencephalogram (EEG) is a useful bioelectrical signal in 
pattern recognition of hand activities because of its following characteristics: 
(1) patterns of EEG are different when doing diverse movements and mental 
tasks; (2) EEG can be real-timely or instantly extracted; (3) the measurement of 
EEG can reach an enough precision. A new approach for the pattern recognition 
of four complicated hand activities based on EEG is presented in this paper, in 
which each piece of raw data sequence for EEG signal is decomposed by 
wavelet transform (WT) to form a matrix, and the singular value of the matrix is 
extracted by singular value decomposition (SVD). And then the singular value, 
as the feature vector, is input to the artificial neural network (ANN) to 
discriminate the four hand activities including grasping a football, a small bar, a 
cylinder and a hard paper. Finally the research results show the correct 
classification rate of 89% was achieved by the approach mentioned above.  
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1   Introduction 

EEG is a very useful signal produced by the electrical activity of brain. The signal 
contains a lot of information about the state of brain, which has been an important 
tool for diagnosing brain diseases, detecting brain functions, and analyzing brain 
activities. With the great achievement of modern science and technology, the 
researches about EEG are progressing rapidly. EEG is not only applied to clinical 
medicine, but also military medicine, aeromedicine, recognition of mental tasks, and 
psychology. In the latest years, owing to the progress of computer technology, 
modern electronics technology and microelectrode technology, EEG has the potential 
to become the information resource of precise control. Furthermore, the accurate 
pattern recognition technology of EEG is its precondition with no doubt. 

For the recognition technology on EEG, a great deal researches have been done, 
and a series of valuable methods and technologies have been presented in the world. 
In terms of feature extraction and automatic recognition of EEG, the representative 
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technologies should include time-frequency analysis, wavelet transform (WT), 
artificial neural network (ANN), adaptive filtering (AF), and blind source separation 
(BSS), etc. 

With the deep development of the recognition technology above, some researches 
for EEG have been applied to the pattern recognition of hand movements. A Hilbert-
transform based method for the predictions of left and right index finger movements 
from EEG measurements was reported in 1992, and its classification accuracy was 
90%[1]. An approach for predicting the hand movements including grasping, opening 
and holding from the event-related EEG using neural network was presented in 1999, 
and an accuracy of 80% was reached [2]. A LVQ neural network was investigated in 
2000 to classify single trial and repetition of hand movement, and the accuracy were 
88% and 78%, respectively [3]. A system based on HMM was applied to discriminate 
brisk extension and flexions of the index finger, and movement of shoulder and 
fingers in 2001, the accuracy were 80% and 76% respectively [4]. An algorithm 
integrating both BP and ERD for classifying EEG of left and right hand movement 
was proposed in 2004, and the accuracy was 84%[5]. Y. Li, et al presented an 
algorithm to discriminate between the single-trial EEG of two different finger 
movement tasks, and the algorithm produced a classification accuracy of 92.1%[6]. 

For EEG signal applied in the real-time control of the dexterous robot hand finally, 
X. D. Zhang, et al proposed an approach for pattern recognition of hand activities 
based on EEG and Fuzzy Neural Network, and the classifying accuracy of hand 
movement from the other usual accompanying mental tasks was near 100%[7]. In this 
paper, an EEG based approach for pattern recognition of complicated hand activities 
using WT, SVD and ANN will be deeply investigated, and its high recognition 
accuracy will also be achieved. 

2   Wavelet Transform of EEG Signal 

WT is a new time-frequency analysis method for unstable signal. Differing from short 
time Fourier transform (STFT) and Wigner distribution, WT does not directly express 
signal in the time-frequency space but in the time-scale space. Every scale 
corresponds to a certain frequency range. So WT can be used to precisely locate the 
high frequency components and estimate the trend of the low frequency components. 
Now WT has been widely used in image processing, singularity detection, denoise 
filter and data compression. At the same time, WT shows a great potential in 
biomedical signal processing [8, 9]. 

2.1   Discrete Wavelet Transform 

In computerized processing, continuous wavelet must be separated into discrete 
wavelet. The most common method is to discrete the scale factor into binary scales. 
We let a =2j. So we can define the dyadic wavelet transform (DWT) as follow. 
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Suppose that the center frequency of mother wavelet ψ(t) is Ω0, and bandwidth is 
ΔΩ. When a =2j, the center frequency of ψj,b(t) is as follows 

(Ωj)0=Ω0/2
j=2-jΩ0 (2) 

And the bandwidth is  

ΔΩj=
j−2 ΔΩ (3) 

We always hope that when the scale factor a increases from 2j to 2j+1, the analytic 
windows of ψj,b(t) and ψj+1,b(t), namely [(Ωj)0-ΔΩj , (Ωj)0+ΔΩj] and [(Ωj+1)0-ΔΩj+1 , 
(Ωj+1)0+ΔΩj+1] can be connected together, so that the Fourier transform of ψj,b(t) can 
cover the whole Ω axes. Obviously when Ω0=3ΔΩ, the condition is satisfied. 

In multi-level decomposition, the discrete signal x(t),( t∈Z), is first split into the 
approximation a1 and the detail d1, i.e. x(t)=a1+d1. Then a1 is further split into a2 and 
d2. This procedure continues until the specified level is reached, for example, ai and di 
(i=1,2,…,n) are the low-frequency component and high-frequency component of the 
ith level respectively. 

2.2   Wavelet Decomposition of the EEG Signal 

The frequency of human EEG (Δf) is between 1~60Hz[10]. According to the general 
feature of the EEG signal, there are five basic frequency components usually defined 
as follows. 

(1) δ- delta wave with 0.5~4 Hz 
(2) θ- theta wave with 4~8 Hz 
(3) α- alpha wave with 8~14 Hz 
(4) β- beta wave with 14~30 Hz 
(5) γ- gamma wave with more than 30 Hz 

So we can decide the number of decomposition level (i) by the above content and 
the sampling frequency (We can take fs=256Hz as an example). 

According to the frequency relation between the approximation and detail as 
shown in Fig. 1, we can decide the decomposition level i=5. The useful components 
for recognition are as follow. 

d2: 32~64Hz 
d3: 16~32Hz 
d4: 8~16Hz 
d5: 4~8Hz 
a5: 0~4Hz 

Compared by experiments, Daubechies4 wavelet was chosen as the wavelet basis 
function, which is orthogonal and compacted and its order is 7. According to the 
knowledge of multi-resolution analysis and filter bank, Daubechies4 wavelet can be 
described by its scale function φ(t) and wavelet function ψ(t) as shown in Fig. 2. The 
first 1024 points of a piece of raw data were input to be decomposed with wavelet. 
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Fig. 1. Frequency relation between approximation and detail 

  
(a) φ(t)                                                    (b) ψ(t) 

Fig. 2. Daubechies4 wavelet 

After that, a 5×1024 matrix (Mw) composed of five sequences, d2, d3, d4, d5 and a5, 
was obtained for further processing. 

As the same situation, the EEG signals of complicated grasping operations 
including grasping a football, grasping a small bar, grasping a cylinder and grasping a 
hard paper, should be respectively decomposed into 10 parts according to Fig. 1, but 
only d2, d3, d4, d5 and a5 were five useful parts that include all the effective frequency 
bands of EEG, and denotes the signal in the frequency range of 32~64Hz, 16~32Hz, 
8~16Hz, 4~8Hz and 0~4Hz respectively. 

3   Singular Value Decomposition and Feature Extraction  

According to Section II, the EEG data of complicated grasping operations above are 
decomposed by Daubechies4 wavelet, and we can get four 5×1024 matrix (Mwi=[d2i; 
d3i; d4i; d5i; a5i], i=1,2,…,4). In order to pursue the simple and effective feature vector 
for the following recognition by ANN, the singular value of Mwi will be obtained by 
the singular value decomposition (SVD). 

3.1   Singular Value Decomposition 

Let A, B ∈Cm×n, if there are m order unitary matrix U and n order unitary matrix V, 
UHAV=B, then we say A and B are unitary equivalent. SVD is a kind of normalized 
form under the unitary equivalence. 
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If )0( >∈ × rCA nm
r , the eigenvalues of AHA should have the following relation 

equation as 

λ1≥λ2≥…≥λr≥λr+1=…=λn=0 (4) 

then ii λσ = (i=1,2,…,n) are the singular values of A. 

If )0( >∈ × rCA nm
r , then there must be m order unitary matrix U and n order 

unitary matrix V, they satisfy (5). 
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where ∑=diag(σ1,σ2,…,σr), and σi(i=1,2,…,r) are the nonzero singular values of A. 
Equation (5) can be transformed to (6). 
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Equation (6) is called the SVD of A. 

3.2   Feature Extraction of Complicated Grasping Operations 

According to the method mentioned above, the singular value matrix of Mwi was 
obtained as follows. 

],,,,[ 55432 iaididididsvdi svdsvdsvdsvdsvdM =
 

(7) 

where i=1,2,…,4. Obviously, for the EEG data of complicated grasping operations, 
the singular value matrix is a 4×5 matrix as follows. 
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then, for the ith piece of EEG data, the normalized feature X can be obtained as 
follows. 

],,,,[ 54321 xxxxxX =
 

(11) 

]x/svd,x/svd,x/svd,x/svd,x/svd[X 0i5a0i5d0i4d0i3d0i2d=  (12) 

4   Experimental Equipment and Recognition Model  

4.1   Experimental Equipment 

Fig.3 shows an experimental system set up by us, which mainly includes a subject, a 
PC, an EEG Amplifier named UE-16BZ and its matching parts. The EEG amplifier 
has a USB interface to connect to the PC, a high precision 16-bit A/D, and a related 
Impedance checking part to check the linking state between its electrodes and scalp. 
As shown in Fig.3, the amplifier has sixteen special EEG channels and other five 
bioelectric channels, which could be used to measure ECG, RESP, blood pressure 
according to actual demand. While some EEG signal is gathered, the amplifier will 
primarily accomplish signal gathering, signal amplifying and simple filtering. 

 

Fig. 3. EEG experimental system 

Our ultimate target is to put the pattern recognition of EEG into the practical 
humanoid control of artificial limb or robotic hand. So, it is a precondition how to 
complete the real-time processing of the EEG signals. Further more, as we know EEG 
signal at P3 and P4 point is sensitive to reflect hand operation nicely, we select EEG 
signal from P4 electrode as feature extraction source for the pattern recognition of the 
hand operations in the paper to simplify the feature extraction and guarantee its 
identifying precision. 

4.2   Recognition Model 

ANN is a good classifier widely applied in artificial intelligence, information 
processing, robotics and pattern recognition etc. Furthermore, back propagation (BP) 
network is a most common and mature kind of ANN for pattern recognition.  
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In this paper, a three layers BP network was adopted as shown in Fig.4, to 
complete the pattern recognition for four types of EEG signals. 

According to feature extraction above, there are 5 neurons in the input layer for 
inputting the feature vector as in (11).  

There are two neurons in the output layer, whose output can express the four 
patterns of EEG to be recognized as shown in Table 1, namely grasping a football, 
grasping a small bar, grasping a cylinder and grasping a hard paper, respectively.  

Because there is no universal means to decide the number of neurons in the hidden 
layer, we had tried several numbers, and found that 8 is a suitable number of neurons 
in the hidden layer. 

 

Fig. 4. Model of the BP network adopted 

Table 1. Output and Corresponding EEG Pattern 

Activity y1 y2 

Grasping a football 0 0 

Grasping a small bar 0 1 

Grasping a cylinder 1 0 

Grasping a hard paper 1 1 

5   Pattern Recognition of Complicated Hand Activities 

According to the approach of the feature extraction and the recognition model of the 
BP network above, we took a lot of raw EEG data on complicated hand activities for 
extracting their feature, and randomly select the related learning samples 20 groups 
for training the BP network. On the other hand, 9 pieces of EEG data as the patterns 
to be recognized were extracted into the input feature vector and input to the BP 
network for testing its recognition accuracy. 



 Wavelet Transform and Singular Value Decomposition of EEG 301 

5.1   Training of BP Network 

All our recognition works were done based on MATLAB version 6.5, and the 
parameters of the BP network were set as follow. 

Transfer function of the hidden layer: tansig 
Transfer function of the output layer: logsig 
Network training function: trainlm 
Maximum number of epoch: 500 
MSE performance goal: 0.01 

Based on the training parameters, inputting the 20 groups of learning samples as 
described above, the BP network had finished its training with the mean square error 
of 0.00523432 after 62 epochs, and the whole training procedure was shown in Fig.5. 
The training result shows the BP network has a fast learning speed so that it has the 
potential for real-time processing. 

 

 

Fig. 5. Training result 

5.2   Recognition Results 

Table 2 shows the testing result for the recognition ability of the BP network. 
Through the analysis of comparing with Table 1, we can find the recognition 
possibility should be 100% for the two samples to be recognized of grasping a 
football or grasping a cylinder. Although there is a recognition result as y1=0.7227 
and y2=0.9844, we can still think that the recognition possibility is nearly 100% for 
the three samples to be recognized of grasping a hard paper. However, for the two 
samples to be recognized of grasping small bar, the first recognition result as 
y1=0.004 and y2=1.000 is correct with no doubt, and the second recognition result as 
y1=1.000 and y2=1.000 is obviously wrong so that the hand activity of grasping a 
small bar is thought as grasping a hard paper, so its recognition possibility is 50%. 

To sum up, 8 out of 9 testing samples were correctly recognized, so the correct 
classification rate of 89% has been achieved by the approach mentioned above. 

Because the BP network as the recognition model adopts gradient descent (GD) 
algorithm, which often causes the network weights to converge on a local minimum 
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Table 2. Recognition Results of BP Network 

 

solution instead of a global minimum solution, the recognition system above 
inevitably has its drawback. Using different groups of training samples to train the BP 
network is an effective way to avoid the local minimum solution, and a bigger sample 
should be used further to test the reliability of the system. 

6   Conclusions 

WT, SVD and ANN were adopted to classify four types of hand activities, namely 
grasping a football, grasping a small bar, grasping a cylinder and grasping a hard 
paper in this paper. The research results show that there are four important 
conclusions obtained as follows. 

(1) WT has a strong ability to highlight the characteristics of EEG signals both in 
time domain and in frequency domain, so it is suitable to measure the transient state 
of EEG signals. 

(2) WT combining with SVD technology can be used for extracting the feature 
vector with good separability from the raw EEG data. 

(3) Through providing proper feature vector and selecting some correct network 
parameters, the BP network has a correct classification rate of 89% in the pattern 
recognition of complicated hand activities based on EEG. 

(4) The complicated activities of human hand can be discerned by analyzing the 
corresponding EEG signals. 
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