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For many human machine interaction systems, techniques for continuously estimating the vigilance of
operators are highly desirable to ensure work safety. Up to now, various signals are studied for vigilance
analysis. Among them, electroencephalogram (EEG) is the most commonly used signal. In this paper,
extreme learning machine (ELM) and its modiﬁcations with L1 norm and L2 norm penalties are adopted
for EEG-based vigilance estimation. A comparative study on system performance is conducted among
ordinary ELM, its modiﬁcations, and support vector machines (SVMs). Experimental results show that,
compared with SVMs, the ordinary ELM and its modiﬁcations can all dramatically speed up the training
process while still achieving similar or better vigilance estimation accuracy. In addition, the following
three observations have been made from the experiment results: (a) the ordinary ELM and the ELM
with L1 norm penalty (LARS-ELM) are sensitive on the number of hidden nodes; (b) the ELM with L2
norm penalty (regularized-ELM) and the ELMs with both L1 norm and L2 norm penalties (LARS-EN-ELM,
TROP-ELM) are stable and insensitive on the number of hidden nodes; and (c) regularized-ELM has a
much faster training speed, while LARS-EN-ELM can achieve better vigilance estimation accuracy.
& 2012 Elsevier B.V. All rights reserved.
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1. Introduction
Vigilance, or sustained attention, refers to the ability of
observers to maintain their focus of attention and remain alert
to stimuli for a prolonged period of time. During the past few
decades, studies on vigilance have shown that vigilance estimation is very useful to our daily lives [1,2]. Especially, for many
human machine interaction systems, techniques for realtime
estimating the operator’s vigilance are highly desirable to ensure
work safety. Up to now, various signals are studied for vigilance
analysis. Among them, EEG is the most commonly used signal,
and has been proved to be very effective. In EEG-based vigilance
analysis, many important observations have been pointed out,
including the positive correlation of vigilance and some ERPs
(P300, N200) amplitudes, the negative correlation of vigilance and
theta rhythm activities, and the similarity between vigilance and
the principal components of EEG spectrum [3–9]. Based on these
correlations, and with the advancements of signal processing and
machine learning techniques, many methods have been proposed
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for vigilance estimation [10–15]. In this paper, we focus on the
machine learning aspect of EEG-based vigilance estimation.
Currently, EEG power spectra are the most used features, containing lots of vigilance information. Support vector machines are
the most succeeded and commonly used algorithms to model the
relationship between EEG features and vigilance states. However,
the training process of SVMs is relatively long. To speed up the
training process without dropping vigilance estimation accuracy, a
recently developed machine learning algorithm, ELM, and its modiﬁcations are used as regression models for EEG-based vigilance
estimation. ELM is proposed by Huang et al. [16–21], which is a kind
of single-hidden-layer feedforward network (SLFN). The performance of ELM has been evaluated on a number of benchmark
problems. Usually, ELM can achieve similar accuracy but requires
one to two orders magnitude less training time than SVMs.
In this study, a visual recognition task is developed for
vigilance indexing. Nine healthy subjects have participated in
this vigilance experiment. The vigilance level is continuously
indexed by the average vigilance-related performance within a
2 min moving time window in 2 s steps. The logarithms of EEG
power spectra are used as the original features. Principal component analysis (PCA) and linear correlation coefﬁcient between
features and vigilance index are used for feature dimension
reduction and feature selection. Compared with other kinds of
data, the EEG data usually contain much more noises, which may

correct button on the response pad immediately after seeing the
trafﬁc sign. There are four buttons on the response pad corresponding to the four different colors of trafﬁc signs. The response
sequence of the vigilance task is shown in Fig. 4. A total of nine
healthy subjects of 19–28 years old have participated in this
experiment. After training, each subject has ﬁnished at least two
sessions on different days. Sessions are carried out in a small
sound-proof room with normal illumination during 13:00–15:00
after lunch.
3.2. Data collection
For each session, the visual stimulus sequence and the
response sequence are recorded by the NeuroScan system
sampled at 500 Hz. Simultaneously, a total of 62 EEG channels
are also recorded by the NeuroScan system sampled at 500 Hz
and ﬁltered between 0.1 and 100 Hz. The electrodes are arranged
based on the extended 10/20 system with a reference on the top
of the scalp [33].
3.3. Vigilance measurement
To evaluate the performances of different models, a reference
vigilance index is necessary. In our experiments, the local error
rate of the subject’s performance is used as the reference vigilance
level, which is deﬁned as the current probability that the subject
failed to respond to a presented target within a time window of
constant width [4]. Because the ﬂuctuations of vigilance level
with cycle lengths are usually longer than 4 min [4], in our
experiments, to eliminate the variance at cycle lengths shorter
than 2 min, the local error rate series e(t) are derived by computing the target false recognition rate within a 2-min time window
at 2-s step as
eðtÞ ¼

NumF ðST þ 2tL=2,ST þ 2t1 þ L=2Þ
,
NumT ðST þ 2tL=2,ST þ 2t1 þ L=2Þ

ð17Þ

where, ST is the start time for vigilance measurement, L is the
120 s (2 min) window length, NumF ði,jÞ is the number of false
responses within the time window (i,j), and NumT ði,jÞ is the
number of total stimuli within the time window (i,j). The original
performance data and the local error rate series are shown in
Fig. 5.

trial i

trial i+1

4. Data analysis
4.1. Vigilance estimation
Although 62 EEG channels are recorded, there is no need to use
all of them, because only the EEG activities measured around the
posterior regions of the scalp are highly correlated with the
vigilance changes. As a result, in this study, six EEG channels
(P1, Pz, P2, Po3, Poz, Po4), which are measured from the posterior
regions of the scalp, are used for vigilance estimation. The goal of
this work is to compare the performance of different machine
learning algorithms. Therefore, a commonly used signal processing strategy for EEG-based vigilance estimation is adopted. The
whole vigilance estimation framework is shown in Fig. 6. This
framework consists of the following ﬁve main components: (1) a
bandpass ﬁlter (1–50 Hz) is used to remove the low-frequency
noise and the high frequency noise for each EEG channel; (2) the
logarithm of each EEG channel’s power spectral density (PSD)
from 2 Hz to 18 Hz is calculated for every 2 s interval and
averaged on the frequency domain with 2 Hz frequency resolution; for six EEG channels, there are totally 54 PSD features;
(3) each PSD feature is smoothed with a 2 min moving-average
ﬁlter to make the features more stable; (4) the top 10 principal
components (PCs) of the 54 PSD features are calculated as the
candidate features, which account for more than 90% of training
set variance, maintain most of the original information and are
more stable than the original PSD features. Because not all of the
PC features are related with vigilance changes, to reduce the
inﬂuences of unrelated PC features, linear correlation coefﬁcients
between the PC features and vigilance index are calculated, and
only the PC features with correlation coefﬁcient greater than 0.15
are reserved as the ﬁnal features; and (5) ordinary ELM, regularized-ELM, LARS-ELM, LARS-EN-ELM, TROP-ELM, and SVM are
adopted as the regression models for vigilance estimation with
a 2 s time resolution.
For LARS-ELM, LARS-EN-ELM, and TROP-ELM, the initial number of hidden nodes is set to 100. All of these six kinds of
regression models use the following Gaussian RBF kernels:
gðx; wi ,bi Þ ¼ exp 

!
Jxwi J2
,
bi

kðxi ,xj Þ ¼ expðgJxi xj J2 Þ,

ð18Þ
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Fig. 5. Original performance data and local error rate series from session 1_1. Each green stem denotes a false response occurred on that moment. (For interpretation of the
references to color in this ﬁgure caption, the reader is referred to the web version of this article.)
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Table 1
Parameters need to be tuned in the regression algorithms. Here, ‘R-ELM’, ‘L-ELM’,
‘LE-ELM’, and ‘T-ELM’ stand for regularized-ELM, LARS-ELM, LARS-EN-ELM, and
TROP-ELM, respectively, and ‘Nodes’ stands for the number of hidden nodes in
ELM or the number of support vectors in SVMs.
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Fig. 6. The framework of vigilance estimation.

where gðx; wi ,bi Þ is used for ELMs, kðxi ,xj Þ is used for SVM, and g is
the impactor.

4.2. Parameters selection
The regression models are trained for each subject individually, because the EEG-vigilance relationships are usually different
for different subjects [4]. As the EEG features are time dependent
(processed by a 2 min moving-average ﬁlter), the training set and
testing set are generated from different sessions of each subject.
During training, for determining the number of ELM hidden nodes
or searching parameters, such as l2 in Eq. (6), cross-validation is
adopted [33].
It should be noted that for cross-validation (CV), as the EEG
features are time dependent, and not independent, the traditional
random partition method of CV for independent identical
distributed data sets is not suitable, which will lead to large
over-ﬁtting when the adjacent (dependent) EEG features on the
time domain are divided into both the training set and validation
set. Besides, as the EEG features close to the boundary of the
adjacent partitions are time dependent, if too many partitions are
generated, the proportion of dependent EEG features in each
partition will increase, which also will lead to large over-ﬁtting.
As a result, during CV, to reduce the time dependent inﬂuence of
the EEG features and to control over-ﬁtting, each subject’s
training set is equally divided into three partitions in the
chronological order, but not randomly.
The parameter l1 in Lasso is used to control the number of
selected hidden nodes. Instead of tuning l1 , we directly tune the
number of selected hidden nodes. An early stopping strategy is
used in the LARS algorithm. That is, when the number of nonzero
coefﬁcients of b meets the predeﬁned number of selected hidden
nodes, the LARS algorithm is stopped. In the same way, only the
number of selected hidden nodes and l2 need to be tuned in
LARS-EN-ELM and TROP-ELM. Table 1 lists the parameters to be
tuned in the six kinds of algorithms used in this paper.

5. Performance evaluation
The LIBSVM package is used for SVMs and run in the C
environment [34]. Other algorithms are implemented and run in
the Matlab environment. All the experiments are run on an HP
server with 64 bit Windows Sever 2003, Intel Xeon E5440 CPU,
and 16 GB memory.
As the hidden nodes of ELM are randomly generated, when the
number of hidden nodes is too small, the testing results of well
trained ELM in different training trials will change. Therefore, the
ordinary ELM and the modiﬁed ELMs are run for 10 times with
random initializations, and their mean results of 10 trials are used
for performance comparison. Because the result of SVM is stable
after ﬁxing the parameters, SVM is only run once.
To evaluate the performance of different algorithms in the
testing set, root-mean-square error (RMSE) between the real
vigilance index and the estimated vigilance levels is used to
represent the accuracy. The smaller the RMSE is, the higher the
accuracy is. In the following ﬁgures or tables, if not speciﬁed, the
speciﬁcations, such as the RMSE and the training time, usually
indicate the 10 trials mean speciﬁcations of ELMs; the averaged
speciﬁcations, such averaged RMSE and averaged training time,
usually indicate the speciﬁcations averaged on nine different
subjects.
The performance of the six kinds of regression algorithms used
in this paper are shown in Table 2. From this table, we can obtain
the following observations: (1) the accuracy of LARS-EN-ELM is
the best, while the accuracies of other algorithms are very close;
(2) ordinary ELM and regularized-ELM require the least training
time, other modiﬁed ELMs require a little more training time, but
still less than SVMs; (3) LARS-EN-ELM can ﬁnd the most compact
ELM network; and (4) the ﬁve kinds of ELMs all require many
fewer nodes than SVMs, therefore their test processes should be
much faster than SVMs.
The relationship between averaged testing accuracy and the
number of hidden nodes is shown in Fig. 7, which reﬂects the
stability of different kinds of ELMs. From this ﬁgure, we can
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Fig. 11. The ordinary ELM estimated and real local error rate curves of session 2_2.
The RMSE between the two curves is 0.178.

6. Conclusions
In this paper, ELM and its modiﬁcations with L1 norm penalty
and L2 norm penalty are adopted for EEG-based vigilance estimation. LARS-EN-ELM for solving ELM with an L1 norm penalty
together with an L2 norm penalty is introduced. A comparative
study on system performance is conducted between ELMs and
SVMs. Experiment results indicate that, in comparison with SVMs,
the ordinary ELM can achieve similar vigilance estimation accuracy with much less training time, but is very sensitive on the
number of hidden nodes. After adding an L1 norm penalty to the
ELM, the modiﬁed ELM, called LARS-ELM, is still very sensitive on
the number of hidden nodes. After adding an L2 norm penalty to
ELM, the modiﬁed ELM, called regularized-ELM, becomes stable
and can achieve similar vigilance estimation accuracy with much
less training time. Finally, L1 norm penalty together with L2
norm penalty are added to the ELM, and LARS-EN-ELM and
TROP-ELM are implemented. Experiment results show that both
LARS-EN-ELM and TROP-ELM require more training time than
regularized-ELM but use less training time than SVMs. The
accuracy of TROP-ELM is similar with that of SVMs, while the
accuracy of LARS-EN-ELM is better than that of SVMs. Considering
the stability, accuracy and total training time, regularized-ELM
and LARS-EN-ELM are ranked into the top level among the six
algorithms. Both of them have outperformed SVMs. RegularizedELM has a much faster training speed, while LARS-EN-ELM has
better vigilance estimation accuracy.
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