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Behavioral microsleeps are associated with complete disruption of responsiveness for ∼0.5 s to 15 s.
They can result in injury or death, especially in transport and military sectors. In this study, EEGs
were obtained from ﬁve nonsleep-deprived healthy male subjects performing a 1 h 2D tracking task.
Microsleeps were detected in all subjects. Microsleep-related activities in the EEG were detected, characterized, separated from eye closure-related activity, and, via source-space-independent component analysis and power analysis, the associated sources were localized in the brain. Microsleeps were often, but not
always, found to be associated with strong alpha-band spindles originating bilaterally from the anterior
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temporal gyri and hippocampi. Similarly, theta-related activity was identiﬁed as originating bilaterally
from the frontal-orbital cortex. The alpha spindles were similar to sleep spindles in terms of frequency,
duration, and amplitude-proﬁle, indicating that microsleeps are equivalent to brief instances of Stage-2
sleep.
Keywords: Beamformer; EEG; ICA; localization; microsleeps; sleep spindles; hippocampi; temporal lobes.
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1.

Introduction

Lapses in responsiveness (‘lapses’), especially behavioral microsleeps (‘microsleeps’), involve momentary
(∼0.5 to 15 s) disruption of performance and can
result in injury or death, especially in the transport
sector (e.g. pilots, air-traﬃc controllers, truck, and
car drivers, etc.). Microsleeps are characterized by
full or partial eyelid closure, previous drowsy behavior, and absent task responsiveness.1
1.1. EEG-based studies of microsleeps
Spectral analysis of EEG around microsleeps has
shown an overall, but inconsistent, increase in EEG
power in the delta (0–4 Hz), theta (4–8 Hz), and
alpha (8–12 Hz) bands, and a decrease in EEG power
in the beta (12–30 Hz) and gamma (> 30 Hz)
bands.1 Furthermore, EEG changes associated with
microsleeps include alpha bursts2–6 and theta
bursts.5
However, as most microsleeps are accompanied
by eye closure, this raises the question: could the
source of microsleep alpha be the same as that of
voluntary eye closure alpha activity?
Little is known about the mechanisms in the
brain underlying microsleeps. fMRI studies have provided spatial information on the origin of microsleeprelated activities. They have shown that, during
microsleeps, the BOLD signal (and, hence, neural activity) decreases bilaterally in the thalamus
and posterior cingulate cortex but increases in
several cortical brain regions, including the inferior frontal cortex, posterior parietal cortex, and
occipital cortex.7,8 Furthermore, the extent of the
decreases in neural activity in the thalamus increases
with the duration of microsleeps.8 A study of
functional connectivity during the transition to
microsleeps found connectivity patterns involving
left-right parietal and left-frontal right-parietal connection commencing 500 ms prior to the onset of
microsleeps.9

A limitation in current EEG-based detection
of microsleeps is that analysis is performed on
sensor-space EEG data, where the source activities
are highly overlapping and activity from one source
in the brain is seen on all sensors. There is a recent
trend of performing signal analysis (such as blind
separation techniques or connectivity analysis) in
the source-space (post inverse technique) rather than
sensor-space.10–16 In source-space, the time courses
of each brain location can be reconstructed and interference from neighboring sources minimized.
Several approaches have been proposed for solving the inverse problem, including dipole ﬁtting,17–19
minimum-norm spatial ﬁlters,20–22 and minimumvariance spatial ﬁlters.23–28 Each approach has its
advantages and disadvantages. A common limitation of inverse techniques is that they struggle to
detect multiple concurrent sources. To overcome this
latter limitation, mathematical approaches such as
independent component analysis (ICA) and principal component analysis (PCA) can be applied in conjunction to provide an estimate of the active sources
during an epoch of EEG. ICA is a blind source separation technique which aims to separate P mutually
statistically independent, zero mean, sources from
M linearly combined signal mixtures.29 In EEG and
MEG, ICA has been used for component extraction of event-related potentials (ERPs) and for artefact removal. Examples of applying ICA to help
solve the inverse problem are ICA + dipole ﬁtting30
and ICA + sLORETA,31 both which applied ICA to
sensor-space EEG. Recently, we proposed sourcespace ICA which applies ICA and PCA in sourcespace after minimum-variance beamforming.12 This
approach was shown to be superior to beamforming
alone or sensor-space ICA in terms of spatial resolution and accuracy and detection of weak sources.
In this study, we have applied source-space ICA
and power analysis to EEG containing microsleeps
so as to detect activity during microsleeps, ﬁnd the
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locations of the sources of such activity, and characterize their time courses via time-frequency analysis.
2. Methods
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2.1. Participants
Five right-handed healthy male volunteers, aged 26–
38 years (mean = 29.5) with no history of neurological, psychiatric, or sleep disorder, participated in the
study. All subjects provided informed consent prior
to participating in the study. Ethical approval for
the study was obtained from the New Zealand Upper
South A Ethics Committee. Subjects were asked not
to consume any stimulants or depressants, such as
alcohol, caﬀeine, or nicotine, during the 4 h prior to
the session. They were required to keep a detailed
diary of their sleep habits and to wear an Actiwatch (Mini Mitter Inc., Bend OR, USA) to measure their sleep-wake activity during the six days
and ﬁve nights prior to the session. The diary and
Actiwatch data were used to verify that the subjects
had regular sleep habits in the week prior to the session. A set of questionnaires was used to assess general health, sleep quality, morningness-eveningness,
and daytime sleepiness. Subjects were provided with
lunch approximately 15 min before the session.

be detected with high temporal resolution.32 There
were no ﬂat segments in the tracking target, which
is important as ﬂat segments in the target motion
make it diﬃcult to identify microsleeps. The tracking
error was deﬁned as the Euclidean distance between
the center of the red response disc and the center of
the yellow target disc.
2.4. Experimental paradigm
Subjects took part in the study in early afternoon
(commencing between 1:00 pm and 2:00 pm), corresponding with both post-lunch and a low point in
the circadian cycle, so as to intentionally be at a
time of day coinciding with increased propensity for
microsleeps. They had to continuously manoeuvre a
ﬁnger-based joystick to perform a 2D tracking task.
A ﬁnger-based joystick (Current Designs, Philadelphia, PA, USA) was placed alongside the supine subject and they held the joystick between the thumb
and index ﬁngers of their right hand. Data from
the joystick were sampled at 60 Hz and presented as
the response disc. Subjects were familiarized with
the tracking task and joystick before the start of the
session.
2.5. Definition of microsleeps based on
tracking task and eye-video

2.2. Apparatus
The participants performed the task in a supine position, during which the tracking task was displayed on
the visual system.
The vision system for stimulus presentation used
two mirrors mounted on the table above their head
to allow participants to see an LCD monitor (Viewsonic 17) displaying the 2D tracking task. A portable
eye-video system (iViewXTM HED, SMI, Teltow,
Germany) was connected to an iViewXTM video
recording system. Eye-video was recorded simultaneously and synchronously with visuomotor response
and other physiological recording systems.
A Neuroscan 64-channel 10–10 cap was used for
EEG electrode placement and EEG was recorded on
a Neuroscan EEG system (Compumedics, Charlotte,
NC, USA).

Two types of tracking error were used to identify
microsleeps8,33 :
• ﬂat tracking, in which the response disc simply
stops moving for > 500 ms while the target is
moving,
• incoherent tracking, in which the response disc is
moving away from target disc for > 500 ms.
A microsleep was deﬁned operationally as:
• ﬂat or incoherent tracking for > 500 ms,
• full or partial eye closure (phasic/transient), and
• drowsy behavior.
Drowsy behavior was deﬁned as the subject appearing subdued, droopy eyes, and often a glassy-eyed
appearance.8,33

2.3. The 2D tracking task

2.6. EEG data containing microsleeps

The tracking task had a continuously moving pseudorandom target which allowed changes in behavior to

There were ﬁve sets of EEG data in this study: Subjects 102–106. Subjects carried out the 2D tracking
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task in a mock-MRI scanner, during which eyevideo was recorded to assist in the identiﬁcation
of microsleeps. Each EEG was 60 min long. The
ﬁrst 10 min was voluntary eye closure, with repeated
cycles of 30-s eyes closed and 30-s eyes open while
performing the tracking task. During the remaining
50 min, the subjects continuously performed the 2D
tracking task.
EEG was sampled at 250 Hz and band-pass ﬁltered at 1.0–45 Hz. The Montreal Neurological Institute (MNI) coordinates34 were used to describe locations in the brain. The boundary element method
(BEM)35 model of the head with three layers and a
conductivity ratio of skull to soft tissue of 0.0125,
obtained from the average MNI-template brain and
implemented via the FieldTrip toolbox,36 was used
to calculate the lead-ﬁeld matrix for the minimumvariance beamformer. The EEGLAB toolbox37 was

used to carry out ICA of the EEG via the Infomax
algorithm.38
2.7. Processing of EEG
2.7.1. Pre-processing of EEG
Pre-processing included the following steps:
• Visual inspection: All microsleeps were visually
inspected to identify any strong artefacts during
or close to microsleeps. Microsleeps contaminated
with strong artefacts were rejected so that only
clean microsleeps remained.
• Eye artefact removal: ICA was applied to the EEG
to remove eye movement and eye-blink artefacts.
The data set was ﬁrst split into sets of frequencies
above and below 4 Hz. ICA was then applied to the
low frequency part of the EEG. Independent components related to artefacts were identiﬁed and

(a) Component time courses

(b) ERSP of component 1

(c) ERSP of component 2

(d) ERSP of component 3

(e) ERSP of component 4

Fig. 1. (Color online) (a) Time-courses of components separated by source-space ICA for an EEG epoch from Subject
104 containing 2 microsleeps. The ERSPs of components 1–4 are shown in (b)–(e). The baseline for ERSPs was considered
to be 0.5–3.5 s prior to onset of microsleep. Components 1 and 4 were dominated by theta-band activity and components
2 and 3 had alpha-band burst activity time-locked to microsleeps. The green lines in (a) indicate the onsets and the red
lines the oﬀsets of the microsleeps.
1650015-4
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removed to obtain a clean low frequency EEG
data. After artefact removal, the low frequency
data set was added back to the high frequency data
set.
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2.7.2. Source separation of microsleep EEG
As the total microsleep duration for each subject
was only a small proportion of the total task duration (e.g. 113 s versus ∼ 48 min for Subject 106),
applying ICA on the full 50 min of EEG would likely
result in microsleep activity not being identiﬁable
by way of separate components. Therefore, for each
subject, we identiﬁed the EEG epochs with multiple
microsleeps and applied source-space ICA to each
of these epochs to separate the sources, reconstruct
the time courses, and localize their origin in the

brain. In source-space ICA,12 the weight-normalized
minimum-variance beamformer25 is ﬁrst applied to
an EEG epoch to project the sensor into source-space
via a 3D scanning grid here (10 mm3 ). Singular value
decomposition (SVD) is then applied to reduce the
size of the data matrix and to separate the spatial
and temporal subspaces. This is followed by application of ICA to the temporal subspace to identify
temporally independent components. Localization of
the temporal components is obtained via multiplication of the ICA mixing matrix with the spatial
subspace.
2.7.3. Estimating the source maps
In order to obtain localization maps for theta-band
components, the components which have activity

(a) Component time courses

(b) ERSP of component 1

(c) ERSP of component 2

(d) Source map of component 1

(e) Source map of component 2

Fig. 2. (Color online) (a) Time courses of two components from Subject 106 with alpha-band burst activity time-locked
to microsleeps. The ERSPs of the components are shown in (b) and (c). The baseline for ERSPs was 49–51 s. (d) and (e)
show source maps for these two components, obtained via source-space ICA normalized mixing weights. Component 1
shows activity in the right temporal lobe and the posterior cingulate cortex, and bilaterally in motor cortex, whereas
component 2 shows an extended area in the left hemisphere including the temporal lobe and posterior cingulate cortex
to be the origin of the source. The green lines in (a) indicate the onsets and the red lines the oﬀsets of the microsleeps.
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during or close to onset of microsleeps were retained
while all other components were rejected. In this
way, only the components which contributed to the
theta band were present in the source-space signals. To identify which components were time-locked
to microsleeps, visual inspection of the component
time-series together with event-related spectral perturbation (ERSP) of the components provided a
visual and quantitative approach to identify the components. ERSP measures mean event-related changes
in the power spectrum for a data channel or component.38,39 Subjects usually had two to four alphaband components time-locked to the microsleeps.
The next step was to measure the power of the
source-space for the whole duration of the EEG
epoch to produce the source maps for theta-band
components. For alpha-band components a slightly
diﬀerent procedure was applied:
• alpha-band components with time-locked activity
(i.e. only active during microsleeps) were retained
and the remaining components were rejected,
• the power of the source-space was measured
over the duration of each microsleep and then
normalized,
• normalized power maps of each microsleep were
added to each other and normalized again to

obtain a single map for every subject representing the map of the alpha-band components,
• the normalized power maps for each subject were
added to each other and normalized to obtain a
group map.
The reason for the diﬀerent approaches to thetaband and alpha-band source reconstruction is that
theta-band components had activity prior, during,
and after microsleeps. Therefore, we cannot set
a speciﬁc time window for measuring the thetaband power of source-space. Whereas, the alphaband components were normally active only during
microsleeps, indicating such components are specifically related to the microsleeps. Examples of theta
and alpha components are shown in Fig. 1. Components 1 and 4 are dominated by theta activity and
components 2 and 3 have alpha-band activity timelocked to the onset of the microsleeps.
Furthermore, some components had more frequent alpha-burst activity compared with the other
components during microsleeps. Therefore, measuring power for the duration of microsleeps preserves
the contribution of each source to the averaged map
of the microsleeps for subjects. An example of this
situation is shown in Fig. 2 where component 1 only
had burst activity for the second microsleep, whereas

Fig. 3. Time-courses of components separated by source-space ICA for an EEG epoch for Subject 104 containing eye
closure. The red line is when the subject opens his eyes.
1650015-6
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component 2 had burst activity for both microsleeps.
This also indicates that there are several sources
associated with microsleeps (sleep spindles) which
may or may not ﬁre simultaneously. The source
maps for these two components, obtained via sourcespace ICA mixing weights, show the left and right
structure of the two components. Both components
had clusters extending bilaterally over the anterior
temporal gyri, hippocampi, and posterior cingulate
cortex.
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2.8. Statistical comparison of sources
of microsleeps and voluntary eye
closures
To identify sources of alpha during voluntary eye
closures, source-space ICA was applied to a 60 s
epoch of all ﬁve subjects with 30 s of eye closures
and 30 s of eyes open. Similar procedures to that for
alpha-band components of microsleeps were applied
to components time-locked to eye closure to obtain
source maps of eye closure alpha activity. By this
process, 10 normalized maps from ﬁve subjects were
obtained: ﬁve for microsleep alpha power and ﬁve
for eye closure alpha power. To identify signiﬁcant
clusters across the 10 maps, spatial-based voxel-wise
statistics were performed using a permutation-based
inference tool for nonparametric statistical thresholding (using Randomize tool in FSL). The results
from this were then compared to the alpha sources
identiﬁed during microsleeps. An example of the

sources having alpha-band activity due to the voluntary eye closure is shown in Fig. 3.
3.

Results

Microsleeps were identiﬁed behaviorally in all ﬁve
subjects (Table 1).
3.1. Individual EEG analysis
Figure 4 shows the individual maps obtained after
subtraction of normalized microsleep alpha power
maps from normalized eye closure alpha power maps.
All subjects show bilateral sources in the temporal lobes and hippocampi, with higher power during microsleeps than voluntary eye closures, with the
exceptions of subject 104 whose activity was only on
the right side. Also, except for 103, all subjects had
higher power in the frontal lobes during voluntary
eye closure than microsleeps.
Table 1. Summary of the microsleeps identiﬁed
behaviorally during the 50 min 2D tracking task.
Subject

Total
microsleeps

Artefact-free
microsleeps

Average
duration

102
103
104
105
106

25
45
6
10
43

25
33
4
2
39

2.3 s
6.2 s
1.0 s
0.9 s
2.1 s

(a) Sub ject 102

(b) Sub ject 103

(c) Sub ject 104

(d) Sub ject 105

(e) Subject 106

Fig. 4. Source maps of subjects 102–106 obtained after subtraction of the normalized power map of microsleeps alphaband components from voluntary eye closure alpha-band components. Hot areas indicate higher power during microsleeps
relative to voluntary eye closure, whereas cold areas indicate higher activity during voluntary eye closures. All maps were
normalized with respect to the maximum absolute value in that map.
1650015-7
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As mentioned earlier, the aim of these plots is to
diﬀerentiate the voluntary eye closure alpha sources
from microsleep-related sources. This is important
as, in both situations, the subject has his eyes shut.
But eye closure during a microsleep occurs approximately around onset of the microsleep and is not
voluntary and, unlike voluntary eye closure alpha
components which can persist for the duration of

the eye closure, microsleep alpha-band components
are short (0.5–3.0 s), regardless of the duration of
the microsleeps. An example of this can be seen
in Subject 103 who had several microsleeps longer
than 10 s but only 1–2 s alpha-burst activity for
such long microsleeps. Note that this comparison
cannot be applied to the theta-band components
of microsleeps, as theta activity is not time-locked

(a) Alpha-band power map for microsleeps

(b) Thresholded map of (a) at 70%

(c) Alpha-band power map for voluntary eye closures

(d) Thresholded map of (c) at 70%

(f) Thresholded map of (e) at p < 0.01

(e) t-stat map obtained by randomize test

(g) theta-band power map for microsleeps

(h) Thresholded map of (g) at 70%

(i) Coronal view of (b) (hippocampi in green)

(j) Coronal view of (d) (hippocampi in green)

(k) Coronal view of (f) (hippocampi in green)

(l) Coronal view of (h) (hippocampi in green)

Fig. 5. (Color online) Normalized source power map for group analysis of alpha band for microsleeps (a) and (b), and
for group analysis of voluntary eye closures (c) and (d). (b) and (d) are thresholded at 70% of the maximum power.
Extended areas including temporal lobes, hippocampi, and posterior cingulate cortex are the sources associated with
microsleep alpha bursts, whereas the posterior cingulate cortex is the focal point of the voluntary eye closure alpha power.
(e) shows the t-stat map obtained by spatial-based voxel-wise permutation-based inference for nonparametric statistical
thresholding of diﬀerence between the ﬁve maps of microsleep alpha and the ﬁve maps of eye closure alpha. (f) is the
result of thresholding (e) at p < 0.01. This shows a signiﬁcant increase in alpha-burst activity during microsleeps relative
to eye closures in the bilateral anterior temporal lobes and hippocampi, as well as decreased activity in the posterior
cingulate cortex. (g) is the normalized group theta-band power map for theta-band components and (i) is (g) thresholded
at 70% of the maximum. The bilateral frontal-orbital cortex is the primary source of the theta activity, as well as frontal
hippocampi. (i)–(l) are the coronal views of (b), (d), (f), and (h) respectively with the hippocampi highlighted in green.
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to the voluntary eye closure. However, the most
powerful independent components of EEG segments
containing microsleeps were theta-band components
with activity which could occur before, during, or
after microsleeps, and appear more an indication of
drowsiness than microsleeps per se.
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3.2. Group results
Group results allow stronger conclusions to be made
on the anatomical location of brain sources of
neuroelectric activity speciﬁc to microsleeps. For
this, average tomographic maps of alpha and theta
components with strong activity associated with
microsleeps were derived.
Figure 5(a) shows the normalized group power
map of alpha-band components for the microsleeps
from ﬁve subjects, and Fig. 5(b) shows the same
map thresholded at 70% of the maximum. Based
on Fig. 5(b), the sources associated with microsleep
alpha are bilateral posterior cingulate cortex, hippocampi, and anterior temporal gyri.
Figure 5(c) shows the normalized group power
map of alpha-band components for the voluntary
eye-closure from ﬁve subjects, and Fig. 5(d) shows
the same map thresholded at 70% of the maximum.
The sources associated with voluntary eye closure
alpha are originated from posterior cingulate cortex
(Fig. 5(d)).
Figure 5(e) shows the t-stat map obtained
after spatial-based voxel-wise statistics using a
permutation-based inference tool for nonparametric statistical thresholding (using Randomise tool in
FSL) on the 10 maps of the ﬁve subjects (ﬁve for
microsleep alpha and ﬁve for voluntary eye closure
alpha. Figure 5(f) shows the same map thresholded
at p < 0.01. Signiﬁcant activity was observed in the
anterior temporal lobe (superior and inferior) and
the hippocampi during microsleep alpha bursts compared to voluntary eye closures. Conversely, greater
activity due to voluntary eye closure was observed in
the posterior cingulate cortex.
Figure 5(g) shows the group power map of thetaband components for the EEG segments containing microsleeps from the ﬁve subjects, and Fig. 5(h)
shows the same map thresholded at 70% of the maximum. The origin of the theta sources is bilaterally
in the frontal orbital area and frontal hippocampi as
shown in Fig. 5(l).

Figures 5(i)–5(l) show the coronal view of
Figs. 5(b), 5(d), 5(f), and 5(h) respectively, with hippocampi highlighted in green.

4.

Discussion

Our study is the ﬁrst to have shown that microsleeps
are often associated with alpha spindles corresponding to Stage-2 sleep spindles. Furthermore, we have
shown that these spindles originate from a network
comprising the bilateral anterior temporal lobes and
hippocampi.
In all ﬁve subjects, source-space ICA revealed
2–4 components time-locked to microsleeps with
alpha burst activity. However, not all components
had burst activity during every microsleep. As was
shown in Fig. 2(a), such components had burst activities independent from each other, indicating several underlying sources associated with alpha-burst
activity of microsleeps. This was also shown in terms
of anatomical location of such sources (Figs. 2(a)
and 5(b)). Similarly, there were 3–5 alpha-band components time-locked to the voluntary eye closures but
these all had their sources in the bilateral posterior
cingulate cortex.
Considering the location and shape of the
microsleep-alpha components separated by sourcespace ICA, and the behavioral correlates of
microsleeps, it seems clear that the microsleep alpha
components are sleep spindles. In human EEG, sleep
spindles are grouped in short 0.5–3.0 s periods of
11–15 Hz oscillations, forming a waxing and waning envelope, that recurs periodically every 5–15 s
and typically appear during the light stage of slowwave sleep (Stage 2).40 Source localization via dipole
modeling for MEG sleep spindles and alpha activity
shows that spindles originate from pre- and postcentral cortical areas whereas the alpha rhythm
originates from posterior regions.41 The cortical representations of these have also been shown to be
diﬀerent.41
A recent fMRI study42 of EEG sleep spindles
showed increased signal in the thalamus, posterior
cingulate, right precuneus, putamen, paracentral cortex, and temporal lobes. This contrasts with our
fMRI study in which we found a substantial bilateral decrease in activity in the thalamus and posterior cingulate cortex during microsleeps.8 It also contrasts with the current study which found microsleep
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alpha spindles to be, at least primarily, generated
strongly in the anterior temporal lobes and hippocampi. We are unable to explain this diﬀerence
other than to conjecture that sleep spindles generated during extended Stage-2 normal sleep as
opposed to microsleeps going transiently into and
out of light Stage-2 sleep have diﬀerent patterns of
activation. This diﬀerence is perhaps not surprising
when microsleeps clearly have, at least in part, different underlying mechanisms from normal Stage-2
sleep in that microsleeps during an active task (i)
are involuntary and undesired and (ii) reﬂect a ‘consequences’ region in the brain which is able to pull a
person out of a microsleep after a few seconds (even
though this is sometimes too late), despite the brain’s
need and drive for a fatigue/sleep break.
Another study43 used simultaneous recording of
intracerebral EEG from hippocampal and several
distributed neocortical sites in neurosurgical patients
to show that sleep spindles consistently appear in
the hippocampus several minutes before the onset of
sleep.
Two studies44,45 divided sleep spindles into slow
spindles (11–13 Hz) and fast spindles (13–15 Hz)
and found both the hippocampi and thalami to be
activated during sleep spindles. Conversely, another
study43 found no activity in the hippocampi during spindles but instead found that the hippocampus
functional connectivity map overlaps highly with the
sleep-spindle activation map.
Another study46 found alpha spindles to be an
indication of prolonged brake reaction time when
driving with an auditory secondary task compared
to only driving. They concluded that alpha spindles
are an indication of reduced visual processing due
to internalization of attention caused by auditory
distraction.
Similar to the alpha band, there were one or
two theta components separated by source-space
ICA which had strong activity in the vicinity
of microsleeps. These theta-band components were
mostly found to come from the frontal orbital cortex area. In humans, EEG power in the theta band
during quiet waking increases during sleep deprivation, and predicts a subsequent homeostatic increase
of slow-wave activity during sleep.47 Theta-burst
activity has also been reported to be related to
microsleeps.6 Our signal processing approach and

results could be used to improve the performance
of automated sleep-detection/staging systems48,49 by
providing new features to sleep classiﬁcation/rating
algorithms based upon theta and alpha burst activity. Features indicating theta and alpha bursts can
be derived from real-time beamformer reconstruction of activity from the frontal orbital cortex
and the hippocampi, respectively. The source-space
ICA algorithm,12,50 used here for reconstruction of
microsleep-related sources, could also be used for
reconstruction of sources of interictal or seizure
epileptic activity and also used to identify new features in source-space for incorporating in detection
algorithms.51
5.

Limitations

The ﬁndings of the current study need to be considered in the light of some limitations. We used
64-channel EEG whereas higher density EEG (e.g.
128 channels) would likely increase accuracy of
source localization. The head models used in the
beamforming were based on the standard MNI
model rather then individual MRI of subjects. The
number of subjects and events (i.e. ﬁve subjects
and 103 microsleeps) in our study were relatively
small; notwithstanding, similar numbers have successfully been used in other studies of sleep spindles (e.g. seven subjects and 106 spindles41 ). Furthermore, we focused on the alpha and theta bands
only, whereas, using intracellular recordings, frequencies of below 1 Hz have been also shown to be
associated with sleep spindles and early stages of
sleep.52
6.

Conclusion

In this study, microsleep-related activities in the
EEG were detected, characterized, separated from
eye closure-related activity, and source-localized in
the brain. Theta-related activity was identiﬁed as
originating bilaterally from the frontal-orbital cortex. Alpha-band burst activity was seen to originate
bilaterally from the anterior temporal lobes and hippocampi. The microsleep-related alpha activity was
similar to that of sleep spindles in terms of frequency
and amplitude-proﬁle, indicating that at least a substantial proportion of microsleeps are equivalent to
brief instances of Stage-2 sleep.
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