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Abstract. Sleep spindles are the most interesting hallmark of stage 2 sleep 

EEG. Their accurate identification in a polysomnographic signal is essential 

for sleep professionals to help them mark Stage 2 sleep.  Visual spindle 

scoring however is a tedious workload. In this paper two different 

approaches are used for the automatic detection of sleep spindles: Short Time 

Fourier Transform and Automatic Visual Scoring. The results obtained using 

both methods are compared with human expert scorers.  
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1   Introduction 

Sleep spindles (SS) are particular EEG patterns which occur during the sleep cycle 

with center frequency in the band 11 to 15 Hz. They are used as one of the features to 

classify the sleep stages [1]. Sleep spindles are promising objective indicators in 

neurodegenerative disorders [2]. In this work, two methods are used to find SS, Short 

Time Fourier Transform (STFT) and Automatic Visual Scoring (AVS), with the aim 

to improve the detection mechanisms. 

2   Contribution to Value Creation 

Society–valued technologies can leverage economic transformation, create value in 

the society and ultimately improve individuals' lives. The correct detection of human 

sleep spindles and posterior characterization can lead to early detection of changes in 

brain and prevent or, at least, mitigate the influence of certain diseases [4]. 
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3   Sleep Spindles 

It is commonly referred in literature that sleep spindles are the most interesting 

hallmark of stage 2 sleep electroencephalograms (EEG) [1]. A sleep spindle is a burst 

of brain activity visible on an EEG and it consists of 11-15 Hz waves with duration 

between 0.5s and 2s in healthy adults, they are bilateral and synchronous in their 

appearance, with amplitude up to 30 µV (Fig.1).  

The spindle is characterized by progressively increasing, then gradually 

decreasing amplitude, which gives the waveform its characteristic name [3]. It is now 

reliable that sleep spindles are originated in the thalamus and can be recorded as 

potential changes at the cortical surface [5]. 

 

 
Fig. 1. EEG signal showing a SS 

 

Sleep spindles are affected by brain pathology, as well as by normal and 

pathological aging (e.g., dementia) [1].  With normal aging, sleep spindles are less 

numerous and less well formed. In dementia, the sleep EEG patterns suggest 

accelerated aging [6]. 

Sleep EEG measures seem promising as objective indicators in neurodegenerative 

disorders, including dementia ,where sleep changes appear to be an exaggeration of 

changes that come normally with aging.    

4   Detection methods 

4.1   Short Time Fourier Transform (STFT) 

The concept of Short Time Fourier Transform (STFT), also called windowed Fourier 

or is  the  localization  of  the  Fourier  transform  using  an appropriate  window  

function  centered  on  a  location  of  interest.  STFT is an expansion along two 

parameters, frequency and time shift. It consists of a separate Fourier transform for 
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each instant in time. In particular, for each instant, the Fourier transform of the signal 

in the neighborhood of that instant is associated. The STFT of a signal is the Fourier 

transform of the short-time sections of  that  signal,  obtained  by  multiplying  the  

signal  with  the  window  function. [7]  

The STFT of a discrete signal is: 

 

STFT{x[n]} = X(m, ω) = ∑
n=-∞

∞

  x[n]ω[n-m]e
-jωn

   

 

(1) 

 

The magnitude squared of the STFT yields the spectrogram of the function: 

 spectogram{x[n]} = |X(τ,ω)|
2
 . (2) 

 

An example of detection of SS using STFT and corresponding spectrogram can be 

seen in (Fig. 2). It is clear the presence of peak in the spectrogram (t=0.5s and 

f=15Hz), corresponding to a SS. 
 

 

                 
 

Fig. 2. Example of SS detection using STFT 

4.2 Automatic Visual Scoring (AVS) 

The Automatic Visual Scorer (AVS) proposed in this paper is based on the definition 

of Sleep Spindle by Rechtschaffen and Kales [3] which states: 
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“The presence of a sleep spindle should not be defined unless it is of at least 0.5sec 

duration, i.e., one should be able to count 6 or 7 distinct waves within the half-second 

period.  Because the term “sleep spindle” has been widely used in sleep research, this 

term will be retained. The term should be used only to describe activity between 12 

and 14 cps.” 
 

The AVS implemented algorithm consists of: 

1. Detections of peaks in the signal, based on a defined threshold, thus, 

eliminating small peaks; 

2. Determination of peaks time distance and conversion to frequency in order 

to find if it is in the SS range; 

3. If there are more than 6 peaks in the SS frequency a spindle is marked.  
 

An example of a SS detected using this algorithm can be seen in Fig 3, where the 

SS is marked between t=1.1s and t=1.6s. The peaks above the threshold limit are 

marked with a ‘.’, the ones which also satisfy the frequency criteria are marked with a 

‘+’ and the SS beginning is marked by the ‘*’. 
 

 
 

Fig. 3. Example of SS detection using AVS 

5   Experimental Results 

This study makes use of a sample representative of human sleep, obtained from 

healthy male volunteers. It is a set of 18 sets from 3 different subjects, comprising 3 

minutes each. Briefly, all polysomnograms were performed in an 18-channel analog 

NIHON-KOHDEN polygraph with 12 bit digital conversion (STELLATEs 

RHYTHM V10.0), recorded with 128Hz resolution, with manufacturers 0.5Hz high-

pass filter, 0.3s time constant and -3dB IIR32 digital filter conditions applied to the 

signal.  
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Sleep was visually scored according to RK

channel, two specialists scored all concordant spind

definition. 

In order to test the validity of results, both algorithms were applied to the data and 

measures were taken, namely TP, FP, TN and FN events. 

In Table 1, Sensitivity = TP/( TP+FN ) and Specificity = TN/( TN+FP ) for STFT 

and AVS is presented to several values of threshold. 

 
Table 1.  Sensitivity and Specificity obtained with the STFT 

STFT

Threshold 
Sensitivity 

(%) 

30 97,4

40 95.2

50 90.9

60 85.2

70 79.5

80 71.3

90 61.3

 

In the STFT case, the threshold value corresponds

the spectrogram. Lower thresholds, mean more SS (TP and/or FP) are found.

In the AVS algorithm, a point is considered a maximum peak if it has the maximal 

value, and was preceded (to the left) by a value lower than 
  

Fig. 4. Sensitivity x Specificity curve for the STFT algorithm

 

In Figs. 4 and 5 Sensitivity x Specificity curves are shown for both the STFT and 

AVS algorithms. 
 

Short Time Fourier Transform and Automatic Visual Scoring        

Sleep was visually scored according to RK [3].  From a screen display of C3

channel, two specialists scored all concordant spindles, using the RK68 spindle 

In order to test the validity of results, both algorithms were applied to the data and 

measures were taken, namely TP, FP, TN and FN events.  

In Table 1, Sensitivity = TP/( TP+FN ) and Specificity = TN/( TN+FP ) for STFT 

and AVS is presented to several values of threshold.  

Sensitivity and Specificity obtained with the STFT and AVS algorithm
 

STFT AVS 
Sensitivity 

 

Specificity 

(%) 
Threshold 

Sensitivity 

(%) 

Specificity 

97,4 70.3 7.5 98.6 

95.2 84.8 10 97.9 

90.9 90.9 12.5 96.2 

85.2 94.2 15 93.4 

79.5 96 17.5 87.7 

71.3 97.6 20 80.6 

61.3 98.5 22.5 71.1 

STFT case, the threshold value corresponds to the cumulative value of 

the spectrogram. Lower thresholds, mean more SS (TP and/or FP) are found.

, a point is considered a maximum peak if it has the maximal 

ed (to the left) by a value lower than the threshold defined.

Sensitivity x Specificity curve for the STFT algorithm 

Sensitivity x Specificity curves are shown for both the STFT and 
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.  From a screen display of C3-A2 

les, using the RK68 spindle 

In order to test the validity of results, both algorithms were applied to the data and 

In Table 1, Sensitivity = TP/( TP+FN ) and Specificity = TN/( TN+FP ) for STFT 

algorithm 

Specificity 

(%) 

61.3 

74.9 

84 

89.6 

93.7 

96 

97.5 

to the cumulative value of peaks in 

the spectrogram. Lower thresholds, mean more SS (TP and/or FP) are found. 

, a point is considered a maximum peak if it has the maximal 

defined. 

 

Sensitivity x Specificity curves are shown for both the STFT and 
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Fig. 5. Sensitivity x Specificity curve for the AVS algorithm

6   Conclusions 

The overall performance of both methods is similar, changing the thresholds can le

to sensitivity next to 100%. H

specificity. This low value in specificity is due to higher values in False Positive

The conjunction of both methods can lead to better results, eliminating some False 

Positives, not compromising the True Positives, thus improving 

changes in sensitivity. 
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Sensitivity x Specificity curve for the AVS algorithm 

The overall performance of both methods is similar, changing the thresholds can le

to sensitivity next to 100%. However, high values of sensitivity lead to a decrease in 

specificity. This low value in specificity is due to higher values in False Positive

The conjunction of both methods can lead to better results, eliminating some False 

Positives, not compromising the True Positives, thus improving specificity with minor 

changes in sensitivity. This conjunction will be explored in future work. 
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