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Abstract 
 
The eye gaze point and the pupil size of five subjects 
were recorded during an overnight driving simulation 
task. By scoring the recorded videos, clear microsleep 
events (MSE) and clear non-microsleep events were 
detected, and the measured signals in the preceding 
five seconds were analyzed. The spectral densities of 
these segments were classified using learning vector 
quantization, self-organizing feature map and growing 
cell structures. 
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1   Introduction  
 
The assessment of an individual’s sleepiness and the 
recognition of beginning microsleep is important for 
activities requiring sustained attention, such as driving 
a vehicle or working at night as a machine operator, 
where falling asleep can be hazardous. A microsleep 
episode can be defined as a somewhat unexpected 
short sleep lasting between 2 and 30 seconds that 
occurs in the midst of ongoing wakeful activity 
[Thorpy & Yager, 1991]. 
    The most widely used objective measure of 
sleepiness is the Multiple Sleep Latency Test 
[Cascardon & Dement, 1982], but, as in many other 
test procedures, there are the practical disadvantages  
of requiring sophisticated laboratory equipment and 
trained operators. Furthermore, this test does not 
supply a continuous measure of the subject’s perform-
ance and is not applicable without interrupting the 

night work, which leads to an unintentional break in 
monotony.  
    Many authors suggest the measurement of pupil size 
and eye movements to estimate the subject‘s alertness 
level.  A lot of work has been done with the pupillary 
light reflex (PLR), which is the pupil diameter 
response of fully dark-adapted eyes to a light flash 
[Lowenstein et al, 1951] [Lichstein et al 1992] 
[McLaren et al, 1992] [Lichstein & Johnson, 1994] 
[Grünberger et al, 1994] [Keegan et al, 1995]. In a 
recent paper [Ranzijn & Lack, 1997] it has been stated 
that PLR cannot be used to measure sleepiness.  
    The measurement of eye movements has been 
investigated by [McPartland & Kupfer, 1978], [Ogilvie 
et al, 1988], [Hyoki et al, 1998], [Schmidt et al, 1979] 
and [Saito, 1992]. The first three used electro-
oculography (EOG); the latter two used infrared 
corneal reflection as the measurement principle. 
    The present study employed an eyetracking system 
based on the analysis of combined corneal and foveal 
reflection [Cleveland, 1992]. Our intention was not to 
estimate the sleepiness level over time, but to explore 
the characteristics of the eyetracking signals 
immediately before the onset of a microsleep episode. 

 
2   Experiments 
  
Five individuals aged between 19 and 28 years were 
recruited by public announcements and paid between 
$80 and $120 to participate in an overnight driving 
simulator study. Their task was intentionally 
monotonous, simply to avoid major lane deviations. 
One driving session of 25 min length was carried out 
every hour from 1 a.m. until 7 a.m. The face of the 
driver and the region of the right eye were video-



recorded�separately;�additionally,�EEG,�EOG�and�ECG�
were�recorded,�but�these�data�are�not�considered�in�this�
paper.� The� right-eye� video� was� captured� with� the�
sophisticated� eye-tracking� system� mentioned� above.�
The� eyetracker� (Figure� 1)� operates� with� light� in� the�
near-infrared�spectral�regione�with�an�accuracy�of�0.65�
deg� and� measures� the� pupil� diameter� (D)� and� the�
horizontal� (X)� and�vertical� (Y)� component� of� the� eye�
gaze�point�in�the�plane�of�the�driving�simulator�screen.�
The�sampling�rate�is�30�Hz.��
�
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Figure� 1:� The� eyetracking� system� using� the� pupil-
center� /� corneal-reflection� method;� the� infrared� light�
source�is�placed�on�the�center�of�the�camera�lens�
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Figure�2:�Driving�simulator��

�
3���Analysis�
�
Microsleep� events� (MSE)� were� visually� scored� by� an�
expert� using� the� video� recordings� and� the� EEG�
recordings� simultaneously.� Clear� non-microsleep�
events�(NMSE)�were�scored�in�the�same�manner.��
����The�X-�and�Y-signals�had�a�series�of�missing�values�
during�eye�blinks.�They�were�replaced�by�Beziér�spline�
interpolation.� Additionally,� outlier� elimination� was�
necessary,� especially� for� the� Y-signal� immediately�
after�an�eye�blink.��

����603�segments�of�8� sec� length�were� taken�out�of�all�
three�signals�(X,�Y,�D)�immediately�before�a�MSE�and�
before�a�NMSE�(Figure�3).�Afterwards�any�linear�trend�
was� eliminated� and� a� Welch� window� was� applied� to�
improve� the� results� of� the� following� discrete� Fourier�
transform.� The� reduction� of� the� total� power� density�
due�to�the�windowing�was�corrected�using�the�Parceval�
theorem.�
�

��
�
Figure�3:� �An�8� sec� segment� of� the�pupil� diameter�D�
(lower� graph)� and� of� the� eyetracker� signals� X� and� Y�
(upper�graph).�

�
����For� each� signal� we� got� 80� spectral� power�densities�
in� the� range� from� 0� to� 9.8� Hz� with� a� resolution� of�
0.125� Hz.� The� input� vector� for� the� neural� networks�
consisted�of�the�spectral�power�densities.�To�build�up�a�
classifier� for� input� vectors� of� the� MSE-� and� of� the�
NMSE-class,� we� applied� three� types� of� vector-based�
neural� networks:� the� learning� vector� quantization�
network� (LVQ)� [Kohonen,� 1988],� the� self-organizing�
maps� (SOM)� [Kohonen,� 1982]� and� the� growing� cell�
structures�(GCS)�[Fritzke,�1994].�
����LVQ� is� a� network� with� supervised� training.� The�
binary� MSE� /� NMSE� information� was� used� as� a�
teaching� input.� Kohonen� suggested� three� modifica-
tions:� LVQ1,� LVQ2� (LVQ2.1)� and� LVQ3.� The� first�
modification�uses�an�adapted�step�size,�whereas�LVQ2�
leads� to� an� adaptation� of� the� neurons� in� interclass�
regions.�LVQ3�additionally�allows�a� slight�adaptation�
of� weight� vectors� in� intraclass� regions� [Kohonen,�
2000].�
����The� SOM� and� the� GCS� networks� were� trained�
without� supervision.� After� the� training,� both� network�
types� were� calibrated� with� the� binary� MSE� /� NMSE�
information.�SOM�tries�to�minimize�the�error�of�vector�
quantization� and� to� some� extent� to� find� a� discrete�
approximation� of� the� probability� density� function�
of� the� input� vectors.� GCS� are� incremental� neural�
networks� and� are� with� some� restrictions,� able� to�
approximate� the� probability� density� function� of� the�
input�vectors.�The�topological�structure�is�a�k-simplex.�
We�chose�k=1�and�k=2�to�be�able�to�visualize.�For�the�
SOM�networks�we�used�one-dimensional�topology�and�
two-dimensional�tetragonal�topology.�



4���Results�
�
Each� network� was� trained� with� several� parameter�
settings� and� with� several� initializations� of� the� weight�
vectors.�Before�each�training�pass,�the�learning�set�was�
randomly�partitioned� in� training�set� (80%)�and� in� test�
set� (20%).� After� training� was� finished,� the� re-
classification�rate�was�estimated�by�the�ratio�of�correct�
classifications� to� all� applied� input� vectors� of� the�
training� set.� The� classification� rate� was� estimated��
in� the� same� way� with� input� vectors� taken� from� the��
test�set.�
����We�calculated�the�classification�and�reclassification�
rates� in� 1.7� 106� different� network� simulations� with�
different� parameter� settings,� e.g.� number� of� neurons,�
learning� rate� factor,� and� parameters� of� the� neighbor-
hood�function�and�different�variables�selections�for�the�
input� vectors� and� different� learning� set� partitions.�
Figure�4�shows�an�example.��
�

Network� init� scaling� D� Y� X� DX� DXY�

LVQ1� MED� ---� 77� 69� 70� 71� 72�
LVQ1� DAT� ---� 77� 68� 71� 70� 71�
LVQ1� DAT� SQR� 76� � 71� 72� �
LVQ1� DAT� NRM� 75� � 72� 75� �
LVQ2� MED� ---� 77� � 75� 74� �
LVQ2� DAT� ---� 79� � 75� 74� �
LVQ3� MED� ---� 80� � 75� 74� �
LVQ3� DAT� ---� 80� � 75� 75� �
LVQ3� DAT� SQR� 77� � 73� 74� �
LVQ3� DAT� NRM� 73� � 75� 79� �

�

�
Table�1:��Average�maximum�test-set�classification�rate�
(in� percent)� with� different� LVQ� networks,� different�
initializations�and�different�scaling�applied�to�different�
feature�sets.�(For�details�see�text)�

�
����The� optimal� number� of� neurons� ranged� between��
8� and�20.�With� an� increasing�number�of� neurons,� the�
LVQ� network� showed� a� better� adaptation� to� the�
training�set.�The�reclassification�rate�was�mostly�above�
90%,�but�it�shows�a�decreasing�ability�to�generalize,�as�
indicated�by�decreasing�classification�rates.�
����The� average� maximum� classification� rate� was�
obtained� by� searching� the� maximum� of� the� mean��
+� standard�deviation� (upper�curve� in�Figure�4)� for�all�
different� settings� of� the� LVQ� networks� (Table� 1).�
Initialization� with� median� (MED)� means� that� we�
assigned� to�each�component�of�the�weight�vectors�the�
median�value�of�this�component�over�all�input�vectors.�
During� data� driven� initialization� (DAT)� each� weight�
vector� was� assigned� to� a� randomly� selected� input�
vector.� Furthermore,� in� the� first� 30%� of� all� training�
iterations� the� network� was� trained� disregarding� the�

class� membership� of� an� input� vector� to� diminish� the�
variance�of� the�classification� rate�described�elsewhere�
[Golz�et�al,�1998].�
�

�
�
Figure� 4:� � Test-set� classification� rate� (in� percent)�
versus�number�of�neurons� for�an�LVQ3�network.�The�
input� vectors� contain� spectral� power� densities� of� the�
pupil� diameter� D� only.� The� lines� indicate� the� mean��
±�standard�deviation�range.�

�
����We� tried� a� number� of� different� scaling� techniques,�
but�we�want�to�report�only�the�results�of�no�scaling(--),�
the�square�root�(SQR)�of�each�input�vector�component�
and�the�normalization�(NRM)�of�each�component�with�
respect� to� the� sum�of�all� components� (relative�value).�
In� columns� “D”,� “Y”� and� “X”� (Table� 1),� the� input�
vectors�consist�only�of�the�spectral�power�densities�of�
the�D,�Y�and�X� signals.� In� column� “DX”�all� spectral�
values� of� the� D� and� X� signal,� and� in� “DXY”� all�
spectral�values�of�the�D,�X�and�Y�signal�are�used.�The�
best� results� are�obtained� with� the� set� of� input� vectors�
obtained�from�the�D�signal�only.�Apparently,�if�we�add�
further� components� to� the� input� vectors� as� in� the�
columns� “XD”� and� “XYD”,� the� results� are� not�
improvable.� On� the� one� hand� we� presented�
supplementary� and� independent� information� to� the�
neural� networks,� but� on� the� other� hand� there� were�
apparently�too�many�dimensions�of�the�input�space.�
����A� typically� SOM� calibrated� with� the� MSE� and�
NMSE� information� is� shown� in� Figure� 5.� Large�
distances�of� neighbored� weight� vectors� are�visualized�
as�gray�shades�using� the�U-matrix�[Ultsch�&�Siemon,�
1989].�The�NMSE�input�vectors�are�mapped�to�the�left�
lower�part�of�the�map,�whereas�the�MSE�input�vectors�
are� mapped� to� the� right� upper� region.� The� weight�
vectors� in� the� NMSE� region� have� larger� distances�
visualized� by� darker� shades.� Assuming� that� the� SOM�
has� found� a� correct� approximation� of� the� probability�



density�function�of�the�input�vectors,�this�indicates�that�
the� MSE� class� has� a� higher� density� and� is� more�
compact.�
�

�
�
Figure� 5a:� Typical� calibrated� SOM.� Gray� shades�
indicate�the�U-matrix.�Microsleep�events�(dark�nodes)�
and� nonmicrosleep� events� (light� nodes)� are� separable�
with� some� limitations.� Vacancies� indicate� dead�
neurons.�

�

�
�
Figure� 5b:� The� same� SOM� with� a� differentiated��
U-matrix.� Microsleep� events� (dark� nodes)� and� non-
microsleep� events� (light� nodes)� are� separable� with�
some�limitations.�Vacancies�indicate�dead�neurons.�
�
����The� differentiated� U-matrix� (Figure� 5b)� roughly�
shows� the� region� of� overlapping� classes� with� light�
shades.� The� two� classes� are� distributed� in� only� two�
more� or� less� compact� and� overlapping� regions� in� the�

input� space.� This� could� explain� the� decreasing�
generalization� ability� with� increasing� number� of�
neurons� and� the� onset� of� this� effect� even� with�
relatively�few�neurons.�
����The�GCS�networks�were�trained�and�tested�with�the�
same� method� as� the�SOM.� Additionally,� fast� learning�
is� characterized� by� inserting� and� deleting� neurons�
depending�on�a�local�criterion.�Two�criteria�have�been�
proposed�[Fritzke,�1994]:�the�mean�vector�quantization�
error�(VQE)�and�the�local�probability�density�function�
(PDF).� For� the� calculation� of� the� PDF,� the� volume��
of� the� n-dimensional� Voronoi� cell� was� approximated�
with� the� volume� of� the� n-dimensional� hypercube,�
generated� with� the� mean� local� weight� vector� distance�
[Fritzke,�1994].�
����Both�networks,� the�SOM�and� the� GCS,� manifested�
lower�average�maximum�classification�rates�(Table�2).�
This� is� not� surprising� because� training� of� these�
networks�was�unsupervised.��
�
network� no.�of�neur.�dim.� criter.� D� X� DX�
SOM� 20�x�1� 1� � 76� 72� 70�
SOM� 20�x�10� 2� � 74� 68� 68�
SOM� 20�x�20� 2� � 72� 66� 67�
GCS� 300� 1� PDF� 74� 74� 70�
GCS� 300� 1� VQE� 75� 69� 69�
GCS� 300� 2� PDF� 74� 69� 69�
GCS� 300� 2� VQE� 74� 68� 68�

�
Table�2:��Average�maximum�test-set�classification�rate��
(in� percent)� with� SOM� and� GCS� networks,� different�
number� of� neurons� applied� to� different� feature� sets.�
(For�details�see�text)�

�
����With� SOM� and� with� GCS,� the� best� results� were�
obtained� by� processing� D� data� only� and� mapping� on�
one-dimensional� topology.� In� this� case� the� choice� of�
VQE�or�PDF�as� fast-learning�criterion� function� is� not�
significant.� With� PDF� and� one-dimensional� topology,�
the�results�were�about�equal�for�signal�D�and�for�X.��
����The�visualization�of�the�topology�yielded�no�results.�
Between�one�and�three�separate�topological�nets�grew�
during� training.� No� net� contained� a� large� majority� of�
input�vectors�of�the�MSE�class.�

�
5���Conclusions�
�
The� best� results� were� obtained� with� learning� vector�
quantization,� especially� LVQ3.� The� unsupervised�
SOM�and�GCS� methods� were�understandably�poorer.�
The� spectral� power� of� the� pupil� diameter� signal�
contained� information,� which� enabled� us� to� get�
classification� rates� up� to� 80%.� In� addition,� the�



inclusion� of� spectral� components� of� the� gaze� point�
signal�does�not�improve�the�classification.�
����By� visualizing� the� differentiated� U-matrix� of� the�
SOM,� we� conclude� that� the� MSE-� and� the� NMSE-
input� vectors� constitute� two� clusters� with� different�
probability�densities.��
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