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ABSTRACT 
 

The definition of sleep stages and previous research in this field has shown that EEG signals are similar during 

stage1 of NREM sleep and REM sleep. Based on these findings, in this research, we have attempted to 

automatically classify four sleep stages consisting of Awake, (Stage1 + REM), Stage2 and Slow Wave Stage by 

only using the EEG signal. We used wavelet packet transform for feature extraction and artificial neural networks 

for classification. Our results demonstrated that we could separate these 4 sleep stages from each other with a 

specificity of 94.4 ± 4.5%, a sensitivity of 84.2+3.9% and an accuracy of 93± 4%.  

 

MATERIALS & METHODS 
 

Sleep data from PhysioBank Database available at www.physionet.com were used for this investigation where we 

obtained EEG signals recorded from seven Caucasian males and females (21-35 years old) without any medication 

for 24 hours sampled at 100 Hz. Sleep stages were scored according to Rechtschaffen & Kales [1] based on 30-

second epochs of Fpz-Cz / Pz-Oz EEG recordings. Artifact epochs of these data were manually removed. We used 

Pz-Oz channel in our evaluations. 

EEG signal was used to discriminate between awake, stage1+REM, stage2 and Slow Wave Sleep with the aid 

of wavelet transform and ANN. A wavelet packet tree (WPT) of depth 7 was designed for this purpose. Daubechies 

order 2 (db2) wavelet transform was applied to the 30-second epochs of EEG signal [2, 3]. Out of the family of 

generated subbands, those containing frequency information of delta, theta, alpha, spindle, beta1, and beta2 bands 

were selected.  

Mean quadratic value or energy of wavelet packet coefficients(WPC) for each of the 6 bands, total energy, 

mean absolute values of the coefficients in each sub-band, standard deviation of the coefficients in each sub-band, 

and  3 energy ratios (ratio of energy in the alpha band to the combined power in delta and theta bands, ratio of 

energy in delta band to the combined power in alpha and theta bands and ratio of energy in theta band to the 

combined power in delta and alpha bands) were used as features after normalizing each feature to its 3
rd

 quartile 

value . 

 

RESULTS 
 

Guillaume Becq et al. [4] have compared 5 linear and quadratic classifiers including, KNN, Parzen kernels and 

ANN for automatic sleep stage classification and as a conclusion they have recommend ANNs. After feature 

extraction and normalization, we used artificial neural networks to classify these features. For the classification task 

we used a tree-layer feed-forward artificial neural network with one hidden layer and one output layer. We used 

error back propagation training algorithm with momentum and adaptive learning rate with 4 neurons in the output 

layer for discrimination between stages: wake, stage1+REM sleep, stage2 and SWS. The neurons of the hidden and 

output layers were assigned an asymmetric sigmoid function.  

To make the best use of our few feature vectors for each class, we extracted training and testing datasets using 
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the Bootstrap technique [5] which means choosing random samples with replacement from a data set. The number 

of elements in each bootstrap sample equaled the number of elements in the original data set. Those data points 

which have not been chosen in the random sampling process were used as testing points.   

The best performance was obtained by 8 neurons in the hidden layer. More than 8 did not produce any 

improvement in the results. The mean and standard deviation of the MLP classification results with 8 neurons in the 

hidden layer in 50 runs are shown in Tables I and II. Training and testing sets in each run were chosen separately by 

the Bootstrap technique. It was seen that the proposed method can separate this stages with high accuracy. 

MATLAB® was used as the processing media for this purpose. 

 
DISCUSSION 

 
In this research, we attempted to discriminate between wake, stage1+REM, stage2 and SWS (Slow wave sleep) by 

using only one-channel EEG signals. Wavelet packet transform was applied to 30-second segments of Pz-Oz EEG 

and proper features were calculated using wavelet coefficients. These features were classified using an MLP 

artificial neural network with one hidden layer and back propagation training algorithm with momentum and 

adaptive learning rate training algorithm. By varying the number of neurons in the hidden layer, it was seen that the 

best results were obtained with 8 neurons in the hidden layer. Bootstrap technique was used to divide the limited 

dataset in to training and testing sets. Our proposed method could separate wake, stage1+REM sleep, stage2 and 

SWS from each other with a specificity of 94.4%±4.5%, a sensitivity of 84.2%±3.9+ and  an accuracy of  

93.0%±4.0%.  

We did this research using 7 bipolar dataset available on Physionet. This approach can be applied to more sleep 

data and monopolar data in the future. Stage 1 and REM sleep can be separated using EMG signal as EMG tonus 

decreases dramatically in REM sleep. Using other EEG channels and EOG signal can improve the performance.  
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TABLE Ι 
 

MLP CLASSIFICATION RESULTS ON THE TRAINING SET IN 50 RUNS (WITH 8  NEURONS IN HIDDEN LAYER) 

Total stages Slow Wave Sleep Stage2 Stage1 + REM Wake Wake& sleep stages 

94.9±4.2 97.3±0.7 87.7±2.2 94.5±0.8 99.3±0.1 Specificity 

86.5±3.0 85.6±3.2 88.6±2.0 87.2±2.3 84.5±2.8 Sensitivity 

93.7±3.7 95.2±0.4 88.6±0.7 92.3±0.6 98.8±0.2 Accuracy 

 
 

TABLE ΙΙ 
 

MLP CLASSIFICATION RESULTSON THE TEST SET IN 50 RUNS (WITH 8  NEURONS IN HIDDEN LAYER) 

Total stages Slow Wave Sleep Stage2 Stage1 + REM Wake Wake& sleep stages 

94.4±4.5 97.0±0.7 87.6±2.0 93.8±0.9 99.2±0.2 Specificity 

84.2±3.9 84.0±2.7 87.5±1.9 85.7±2.5 79.7±3.6 Sensitivity 

93.0±4.0 94.6±0.4 87.6±0.6 91.4±0.5 98.5±0.2 Accuracy 
 


