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Abstract. This paper presents a method for signals and features selection when 
classifying sleep apnea. This study uses a novel hierarchical parallel particle 
swarm optimization structure as proposed by the authors previously. In this 
structure, the swarms are separated into ‘masters’ and ‘slaves’ and access to 
global information is restricted according to their types. This method is used to 
classify sleep apneic events into apnea or hypopnea. In this study, ten different 
biosignals are used as the inputs for the system albeit with different features. 
The most important signals are subsequently determined based on their contri-
bution to classification of the sleep apneic events. The classification method 
consists of three main parts which are: feature generation, signal selection, and 
data reduction based on PSO-SVM, and the final classifier. This study can be 
useful for selecting the best subset of input signals for classification of sleep 
apneic events, by attention to the trade of between more accuracy of higher 
number of input signals and more comfortable of less signals for the patient. 

Keywords: Sleep apnea, Particle swarm optimization, Support vector  
machines, Parallel processing. 

1 Introduction 

Sleep Apnea (SA) is one of the most common and critical components of sleep disord-
ers. SA is characterized by the repeated temporary cessation of breathing during sleep 
[1]. Clinically, apnea is defined as the total or near-total absence of airflow. This be-
comes significant once the reduction of the breathing signal amplitude is at least 
around 75% with respect to the normal respiration and occurs for a period of 10 
seconds or longer. A hypopnea is an event of comparatively less intensity; it is defined 
as a reduction in baseline of the breathing signal amplitude to around 30–50%, also 
lasting 10 seconds in adults [2].  

The SA has several short term and long term side effects[3]. Short-term effects lead 
to impaired attention and concentration, reduce quality of life, increased rates of absen-
teeism with reduced productivity, and increased the possibility of accidents at work, 
home or on the road. Long-term consequences of sleep deprivation include increased 
morbidity and mortality from increasing automobile accidents, coronary artery disease, 
heart failure, high blood pressure, obesity, type 2 diabetes mellitus, stroke and memory 
impairment as well as depression. Long-term consequences, however, remain open[4]. 

Unfortunately, as many patients are asymptomatic, sleep apnea may go undiagnosed 
for years [5, 6]. Usually it is patients’ spouses, roommates, or family members who 
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report the apnea periods alternating with arousals and accompanied by loud snoring [7, 
8]. Symptomatic patients with SA are usually assessed by Sleep Medicine Specialists 
and diagnosed through an overnight sleep study in a sleep clinic. SA is diagnosed by a 
manual analysis of a polysomnographic record, an integrated device comprising of the 
EEG, EMG, EOG, ECG, and oxygen saturation (SPO2) [9]. The polysomnography 
also records the airflow through the mouth and nose, along with the thoracic and ab-
dominal effort signals [10], and the position of the body during sleep. A sleep apnea 
event can also be classified into three groups as: central sleep apnea, obstructive sleep 
apnea, and mixed sleep apnea. In case of the first, sleep apnea is originated by the cen-
tral nervous system. In the case of the second, the reason for the pauses in the breath-
ing lie in a respiratory tract obstruction, while in the third case, both of these reasons 
may be present. 

The conventional scoring of the polysomnographic recording is costly and time-
consuming. Therefore, many efforts have been made to develop systems that score the 
records automatically [11-13]. For this reason several Artificial Intelligent (AI) algo-
rithms are used in this area such as; fuzzy rule-based system [14], genetic SVM [15], 
and PSO-SVM [16] which have been proposed in our previous works. 

Classification of apneic events to apnea or hypopnea is also so important for sever-
ity calculation of the sleep disorder. The classification of apneic events is also consi-
dered in many studies, such as [17-19]. But, up to the authors’ knowledge, there has 
no publish work on impact and importance of different signals in sleep apnea classifi-
cation. In this paper, we rank most important signals for the classification of sleep 
disorder events into apnea or hypopnea by a hierarchical parallel PSO-SVM[16]. The 
second section of this work covers details of the parallel model. We also introduce the 
PSO-SVM model in the third section of this paper, which is followed by experimental 
results in section four, and the conclusion in section five. 

2 Parallel PSO 

Particle Swarm Optimization (PSO), was introduced by Kennedy and Eberhart in 
1995 [20, 21] based on the movement of swarms and inspired by the social behaviors 
of birds or fishes. Similar to the genetic algorithm, PSO is a population-based stochas-
tic optimization technique. In the PSO, each member is named particle, and each par-
ticle is a potential solution to the problem. In comparison with the genetic algorithms, 
PSO updates the population of particles by considering their internal velocity and 
position, which are obtained by the experience of all the particles.   

2.1 Proposed Parallel Structure 

In this work, given the enormous size of the search space, a single PSO cannot per-
form well and may lead to the local optimum with low accuracy. Therefore, we have 
used a new PSO parallel structure[16], to perform better explorations and exploita-
tions in the search space. 

In the traditional multi-PSO models, all of the swarms are at the same level and ex-
changing information is just based on the definition of neighborhood [22]. But, in this 
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structure, swarms are classified at two different levels as ‘masters’ and one (or more) 
‘slave(s)’. Master swarms have access to the best particle of other swarms but the 
slave swarms have no access to others’ information, and actually just provide infor-
mation for others. Sending the best local particle information among the masters and 
from the slave(s) to the masters can entail performing each iteration by a specified 
frequency.  

In this hierarchical model, one of the master swarms is considered to be the centre 
swarm. All of the swarms, masters or slaves, send the local best particle to the centre 
swarm. The centre swarm computes the global best particle and sends it to the other 
master swarms. So all of the master swarms update their particles using the global 
best particle, but the slave swarms only use their own local best particles for updating 
themselves. The pseudo code for the hierarchical multi-swarm PSO is as follows. 

 
Begin 

Select the number of master and slave swarms, number of the particles for each sub-
warm along with the frequency for the sending of the information. Select one of the 
master swarms as the centre. 

 Initialize the position and velocity of each particle  

Do in parallel until the maximum number of iterations has reached {  

Evaluate the fitness value of each particle  

Find out the local best particle in each sub-swarm 

If meet sending condition  

Sending the local best particle (݈݌௕௘௦௧) from each swarm to the centre 
swarm. 

Updating global best particle (݌ܩ௕௘௦௧) in the centre swarm. 

Sending the global best particle to the master swarms. 

End If 

Calculate the new velocity of each particle in each sub-swarm  

Update the position of each particle in each swarm 

 End Do} 

Return the best solution (the global best particle) of the algorithm 

End 

To provide more information how the model work; figure 1 illustrate a sample of 
the proposed parallel structure with 4 masters and 2 slave swarm. In this implementa-
tion, master 1 is selected as the center swarm, so all of the swarms send their local  
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best particles to this swarm. After computing the global best swarm, center swarm 
sends it to all of the master swarms. So in this structure, slave swarm provides infor-
mation for other swarms, but not gets benefit from the other’s information. 

 

 

Fig. 1. Proposed parallel structure with 4 masters and two slaves 

Indeed, fast convergence is one of the disadvantages of the PSO, which is heigh-
tened in the parallel structure. This hierarchical model tries to expand both of the 
exploration and exploitation abilities of the parallel PSO, by integrating the isolated 
swarms and the linked swarms. Slave swarm(s) in this model help prevent premature 
convergence. PSO parameters for the slaves and masters can be different. Therefore, 
it helps to have greater exploration abilities for the slaves and a greater local search 
for the masters. 

3 Approach and Method 

In this section, we present the proposed algorithm for the ranking of input signals by 
attention to their impact on classification of the sleep apneic events into apnea or 
hypopnea. The proposed methodology is as follows: 

• Feature generation: this stage generates several statistical features for each event 
from the wavelet packet coefficients. 

• Parallel PSO-SVM: this stage uses the PSO algorithm to select a best signal and 
features subset interactively with the SVM. PSO also is used for tuning the para-
meters of the SVM. In the process, SVM is used as the fitness evaluator. This PSO-
SVM combination is applied in parallel by the new architecture to achieve better 
performance and avoid of the local optimal solutions.  

• Final classification: the selected pattern is used for classification of the unseen 
validation data in this stage. The accuracy of this step is assumed as the final per-
formance of the algorithm. 

The details of these steps are as follows: 

3.1 Features Generation 

As mentioned previously, we used 10 biosignal from the polysomnographic record. 
Table 1 lists these signals and their frequencies. 

Master 4 

Master 2 

Slave 1 

 
Master 1 

Master 3 

 

 
Slave 2 
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Table 1. List of signals that are used in this study 

 Signal Frequency 

#1 EEG C3A2 100 

#2 EEG C4A1 100 

#3 EEG A1A2 100 

#4 EOG 100 

#5 EMG chin 200 

#6 ECG 200 

#7 Air flow 10 

#8 Thoracic movement 10 

#9 Abdominal movement 10 

#10 SPO2 1 

 
For feature generation, First of all, 10 seconds after of each apneic event is selected 

from each signal. Then, we used wavelet package coefficients to generate features for 
each of these signals. For example for airflow, abdominal, thoracic movement, and 
SPO2, we generated the features by applying statistical measures from Table 2 to 
each coefficient of the 4 levels Daubechies wavelet packet with order 3 [23]. 
 

Table 2. List of statistical features, x is coefficients of wavelet packet 

logሺmeanሺxଶሻሻ kurtosisሺxଶሻ geomeanሺ|x|ሻ 

stdሺxଶሻ varሺxଶሻ madሺxሻ 

skewnessሺxଶሻ meanሺ|x|ሻ meanሺxଶሻ 

skewnessሺxሻ kurtosisሺxሻ varሺxሻ 

geomeanሺxଶሻ madሺxଶሻ 
stdሺxሻ 

The details of feature generation for other signals are as follows: 
 
A. EEG 
Based on [24], we applied the Daubechies order 2 (db2) wavelet transform. The fre-
quency ranges of the EEG signal are broken down into Delta (below 3.5 Hz), Theta 
(4-7 Hz), Alpha (8-13 Hz), and Beta (14-30 Hz) bands [24]. Then, the following  
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statistical features were used to represent the time–frequency distribution of the EEG 
signals: 
1. Mean quadratic value or Energy of wavelet packet (WP) coefficients for each of the 
sub bands, 
2. Total Energy,  
3. Ratio of different Energy values, 
4. Mean of the absolute values of the coefficients in each sub band, and 
5. Standard deviation of the coefficients in each sub band. 
Also more features are generated for EEG signals based on [25]. Given this reason, 
we apply a level 4 wavelet packet of Daubechies by order 20 and then, generate the 
features for each coefficient displayed in Table 2. 
 
B. EOG 
To generate the features from the EOG signal, we apply an 8 level Daubechies with 
order 3 wavelet packet. Then, we generate the features for each coefficient according 
to Table 2, for each of the left and right EOG signals. Also, we calculate the norma-
lized correlation coefficient between the two EOG channels [26]. 
 
C. EMG 
For the EMG signal based on [23], we generate features by applying statistical meas-
ures from Table 2 to the coefficients of  level 2 Daubechies with the order 2. 
 
D. ECG 
For feature generation of ECG signals based on [27], first of all we apply an order 3 
Daubechies wavelet packet with 8 level. Then, for each event by attention to the 
wavelet coefficients features are generated by the statistical measures from table 2. 

By attention to these ten signals and described features, 205 features are generated 
for each apneic event. In next step the parallel PSO-SVM is used for feature selection 
to eliminate the irrelevant features and therefore improving the accuracy of the  
classification. 

3.2 Parallel PSO-SVM Algorithm 

After generating the features, we need to classify events as apnea or hypopnea. For 
this reason, we use the described hierarchical parallel PSO-SVM algorithm to initiate 
pattern selection and tune the parameters of the SVM.  

SVM is used to evaluate each particle of the PSO. The fitness of each particle is 
computed as the accuracy of the SVM when classifying the test set with the selected 
pattern related to the particle.  

In the first step, total data from all of the samples are integrated as Meta data. 
Then, the Meta data is separated into the train and the validation. The hierarchical 
parallel PSO-SVM is used using the 5*10 CV paradigms to select the best signals and 
features sets from the training data. Then, the selected signals and features are used to 
classify the validation set. Accuracy of classification of validation set by the tuned 
SVM and selected patters is considered as performance of the system.  
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3.3 PSO Structure 

In this study, we use the constriction coefficient PSO [28]. In this approach, the veloc-
ity update equation is as (1), ݒ௜௝ሺݐ ൅ 1ሻ ൌ  ߯ ቂݒ௜௝ሺݐሻ ൅ ߶ଵ ቀݕ௜௝ሺݐሻ െ ሻቁݐ௜௝ሺݔ ൅ ߶ଶ ቀݕො௜௝ሺݐሻ െ  ሻቁቃ,    ሺ1ሻݐ௜௝ሺݔ

 
where ݕ௜௝ is the particle best and ݕො௜௝ is the global best particles. And, 

 ߯ ൌ 2݇|2 െ ߶ െ ඥ߶ሺ߶ െ 4ሻ|  ,                                                 ሺ2ሻ 

with, ߶ ൌ ߶ଵ ൅ ߶ଶ,   ߶௜ ൌ ܿ௜ݎ௜     ݅ ൌ 1,2. 
 

Equation (2) is used under the constraints that ߶ ൒ 4  and ݇, ௜ݎ א ሾ0,1ሿ. 
The parameter ݇ in the equation (2) controls the exploration and exploitation. For ݇~0, fast convergence is expected and for ݇~1 we can expect slow convergence 

with a high degree of exploration [28].   
The constriction approach has several advantages over traditional PSO model such 

as; we do not need velocity clamping for constriction model and this model guaran-
tees convergence under the given constraints[29]. 

By paying attention to the proposed parallel structure, for the slave swarms, ݇ con-
sidered as 0.8 and ܿଵ ൌ 2, ܿଶ ൌ 4, and for the master swarms ݇ considered as 0.2 and ܿଵ ൌ 4, ܿଶ ൌ 2.  

3.4 Particle Representation 

In this study, each particle consists of three arrays; the length of the first array is equal 
to the number of signals, which equal ten. Each cell can get a real number between 0 
and 1 as importance of the relevant signal. Rank of each signal is computed by the rank 
of the corresponding cell. 

The length of the second array is equal to the number of the features. Again each 
cell can get a real number between 0 and 1. Features, which their corresponding cells 
have values higher than 0.5, are selected for classification. The third array is related to 
the gamma and cost as parameters of the SVM, which can get a value between 2ିହ  
to 2ହ.  

4 Results and Discussion 

Experimental data consist of polysomnographic records from 20 subjects, which 
events of them are annotated by experts were provided by concord hospital in Sydney. 
In the parallel structure, 4 slaves and two masters are selected and each swarm contain 
20 particles. The RBF kernel is selected for the SVM in both of the master and slave 
swarms. Frequency for changing information between swarms is set as 5 iterations. 
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Table 3. Diversity of classes in different runs 

 Validation Training 

 Apnea Hypopnea Apnea Hypopnea 

#1 833 636 1632 1309 

#2 780 683 1685 1262 

#3 865 701 1600 1244 

#4 874 610 1591 1335 

#5 787 601 1678 1344 

 

Fig. 2. Classification error curve using the signal selection method 

 
In this experiment records from 5 subjects are considered as the validation and 

records from 15 subjects make the training data. It also take in consideration to over-
come the impact of the validation sets on the final result, 5 independent experiments 
had validated. Table 3 tabulates the number of sleep apnea or hypopnea events in each 
of the validation set and the training in these 5 runs. 

We investigated whether the best way to select signals for apnea or hypopnea clas-
sification. First we consider the best size for the input signals’ set. The results are 
depicted in Figure 2. The first five plots, A to E, show the individual classification 
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error for the five validations against the different numbers of signals chosen. The 
sixth plot, figure F, shows the classification error averaged over the five validations. 

As can be seen in Figure 2, using irrelevant signals increased the classification er-
ror. For example, using 3 channels for validation 1, figure A, yields the least error. 
The result averaged over the five validations plotted in the last figure, figure F. This 
figure also shows that when removing channels iteratively the classification error 
decreases slightly until all irrelevant channels are removed. The average error rate 
(taken over all validations) of 7.84% using 3 signals is very close to the error of the 
baseline which is 7.74% using 5 signals. This can show that increasing the number of 
input signals from 3 to 5 has not high impact on the performance. Therefore, by atten-
tion to the cost of using more signals and on the other side slight improvement in the 
performance we can decide the preferred size of the input signals. 

Table 4. Ranking of 10 signals 

 Validations 

Rank 1 2 3 4 5 

1 Airflow Airflow Airflow Airflow Airflow 

2 Abdominal Abdominal Abdominal Abdominal Abdominal 

3 Thoracic EMG chin Thoracic Thoracic Thoracic 

4 EMG chin Thoracic EMG chin EMG chin EMG chin 

5 EEG C4A2 ECG EEG C4A2 ECG EEG C4A2 

6 EEG C4A1 EEG C4A2 ECG EEG C4A1 ECG 

7 ECG EEG C4A1 EEG C4A1 EEG C4A2 EEG C4A1 

8 EOG EOG SPO2 SPO2 EOG 

9 SPO2 SPO2 EOG EOG SPO2 

10 EEG C3A2 EEG C3A2 EEG C3A2 EEG C3A2 EEG C3A2 

 
Table 4 contains signal rankings; as we have the three most common signals are 

airflow, abdominal and thoracic movement. For each validation we can obtain a heu-
ristic estimate on the number of irrelevant signals from the classification error curves 
in Figure 1. We underlined one entry in each column of Table 4. The row number of 
that entry is an estimate for the ranks position of the best set of signals for classifica-
tion of that validation set. For example in validation 4, the local minimum of the clas-
sification error happened by 4 signals. Thus, the best 4 selected signals can be used 
instead of the full data without increasing the error. Selecting 4 signals instead of the 
whole polysomnographic records is important because less signals means less record-
ing cost and also more comfortable for the patients. 

5 Conclusion 

In this study we ranked the polysomnographic signals by attention to their impact on 
classification of sleep apneic events into apnea or hypopnea. We used a hierarchical 
parallel PSO-SVM for the signal selection. This study shows that it is possible  
to reduce the number of signals for a robust classification without an increase of  
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classification error. Average of results from 4 different experiments shows, using 4 
signals can provide the least classification error. But, the different between classifica-
tion error of the best 3 signals and the best 4 signals is less than 0.10%. This compari-
son is important as using less signals means more comfortable for the patients. There-
fore, trade-off between selecting more signals and it cost must be considered. The 
same study for detecting apnea events and also classification of apnea events to cen-
tral, obstructive or mixed will be subject to future research. 
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