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Abstract. The optimization of peak detection algorithms for electroencephalogram (EEG) signal analysis is an
ongoing project; previously existing algorithms have been used with different models to detect EEG peaks in
various applications. However, none of the existing techniques perform adequately in eye event-related applications. Therefore, we aimed to develop a general procedure for eye event-related applications based on feature
weight learning (FWL), through the use of a neural network with random weights (NNRW) as the classifier. The
FWL is performed using a particle swarm optimization algorithm, applied to the well-studied Dumpala, Acir,
Liu and Dingle peak detection models, where the associated features are considered as inputs to the NNRW with
and without FWL. The combination of all the associated features from the four models is also considered, as a
comprehensive model for validation purposes. Real EEG data recorded from two channels of 20 healthy
volunteers were used to perform the model simulations. The data set consisted of 40 peaks arising in the frontal
eye field in association with a change of horizontal eye gaze direction. It was found that the NNRW in
conjunction with FWL has better performance than NNRW alone for all four peak detection models, of which
the Dingle model gave the highest performance, with 74% accuracy.
Keywords. Neural network with random weights (NNRW); feature weight learning (FWL);
electroencephalogram (EEG); peak detection algorithm; pattern recognition; particle swarm optimization (PSO).

1. Introduction
The utilization of peak detection algorithms has emerged as
a useful tool in several physiological signal applications,
such as the detection of epileptic activity [1], photoplethysmogram (PPG) monitoring [2] and the detection of
eye gaze direction from activity in the frontal eye field [3].
In these applications, the peak detection algorithm is typically implemented in the first step of the signal classification process. For example, in an important application for
clinical neurology, epileptiform activity in cerebral cortex
is identified from recurrent spikes in the electroencephalogram (EEG) recording during a given time interval
*For correspondence

[4]. A similar approach is used in procedures for detecting
horizontal eye gaze direction, which has applications for
brain–machine interfacing [5]. The existing works that use
the combination of eye gaze and EEG for brain–machine
interfacing have been briefly reviewed in [6]. Furthermore,
in the case of PPG signal monitoring, peak detection
algorithms serve to measure heart rate variability, which
can be predictive of risk for heart disease [7]. In all these
applications, it is essential to have peak detection algorithms with high performance.
One approach for optimizing the performance of peak
detection algorithms is to identify the most relevant combination of peak features. A number of research groups
have previously defined peak features based on the characteristic of peaks in a time domain analysis of EEG signal
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[1, 8–12]. Each true EEG signal peak is revealed by several
signal parameters, including amplitude, width and slope,
from which a variety of peak features can be calculated.
These features include the peak-to-peak amplitude of the
first and second half waves, peak width, ascending peak
slope of the first half wave and descending peak slope of
the second half wave. These and other features can be used
as inputs to the classification process aiming to differentiate
between peak and non-peak. In one literature study, Dumpala et al [8] used the defined peak features and introduced
a classification process to detect a peak signal in the analysis of gastric electrical activity (ECA) signals. The groups
of Acir et al [1], Liu et al [11] and Dingle et al [12] also
used the defined peak features and different classification
processes for peak detection in EEG recordings from
patients with epilepsy. In the present work we refer to the
various peak features as the Dumpala, Acir, Liu and Dingle
peak models. In general, these four pre-defined peak
models have performed with high accuracy in their selected
applications. However, the optimal features for one model
may not generalize to other applications like eye eventrelated, such that there remains scope for developing a
single robust platform.
The feature weight learning (FWL) method has extensively been used in diverse applications, such as digital
image processing [13], text categorization [14], detection of
heart disease [15] and industrial applications such as
diagnosis of faulty bearings [16]. Also, FWL techniques
have been widely used for the analysis of EEG signals
associated with specific cognitive tasks [15] or defining the
stage of sleep in polysomnography [17]. Using FWL, the
EEG peak features are optimized to ensure that the selected
peak detection algorithm is sufficiently accurate for the task
at hand. In simple terms, the weight value of every feature
is assigned a value between 0 and 1. By defining, the
weights of relevant features will have higher weights, while
irrelevant features will have lower weights [18].
In the present study, we test an EEG peak detection
algorithm using FWL implemented in a neural network
with random weights (NNRW). We performed FWL
using a particle swarm optimization (PSO) algorithm.
The general problem is considered as an optimization
with continuous inquiry of the search space for identifying relevant and irrelevant weight features. We have
applied the four different peak models and all defined
features using real command-gated EEG data from
healthy volunteers using the stand-alone NNRW classifier [19]; an earlier analysis of these data is to be presented in the experimental results section. We found that
the selection of relevant features is necessary for providing the best and generalized performance in EEG
signal peaks classification. However, we felt that the
performance might be improved with FWL based on an
NNRW procedure. Therefore, we further investigate
through employing an existing advanced method for
improving the performance of each peak model. Based

on a well-established paradigm, the EEG data set consists of 40 peaks arising in the frontal eye field in
association with a voluntary change of horizontal eye
gaze direction. The four different peak models and all
features were tested on the EEG data, so as to identify
the most relevant peak model by evaluating the classification accuracy of the associated learning weights.

2. Existing peak models in the time domain
analysis
Dumpala et al [8] introduced a peak model that comprised
four features, namely (1) the peak-to-peak amplitude of the
first half wave, (2) the peak width between the first and
second half wave, (3) the ascending peak slope of the first
half wave and (4) the descending peak slope of the second
half wave.
Acir et al [1] introduced an additional feature of peak
amplitude, defined as the peak-to-peak amplitude of the
second half wave, and also two addition features of the
peak width, i.e., the widths of the first and second half
waves: this gives a total of six features, although Acir et al
[1] did not use the width feature as introduced by Dumpala
et al [8]. Liu et al [20] have used a similar definition of the
peak amplitudes, widths and slopes as those of Acir et al
[1], but with addition of the area of the peak as an extra
feature: we did not consider peak area in the present study.
The considerably more complex model of Liu et al [11]
entails 11 features. Here, the peak model consists of four
amplitudes: (1) the peak-to-peak amplitude of the first (2)
and the peak-to-peak amplitude of the second half waves,
as well as (3) the amplitudes of the peak relative to the
turning points of the first and second half waves (4). The
turning points is defined as the point where the slope
decreases more than 50% as compared with the tangent at
the preceding point. The model also consists of three
widths: (1) the width between the first and second half
wave, (2) the width between the turning point of the first
and second half waves and (3) the width between the halfway points of the first and second half waves and it is also
known as full width at half maximum (FWHM). Four
slopes are also measured in Liu model, i.e., the ascending
peak slope of the first half wave, the descending peak slope
of the second half wave and two turning point slopes of the
first and second half waves, thus to a total of 11 features.
The final peak model, as introduced by Dingle et al [12],
consists of four features. Here, the peak amplitude is the
difference between the peak and the floating mean, which is
the mean EEG centred, that is, centred at the peak, and is
also called moving average curve (MAC) [21]. The MAC is
calculated over a specific time interval. The peak width is
calculated based on the difference between the first and
second half waves, and two slopes are defined from the first
and second half waves to the peak. Recently, Elgendi et al
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[2] used MAC in a procedure for detecting systolic peaks
for heart rate analysis.
In general, all peak features in the time domain analysis
can be formulated based on the eight points shown in figure 1. The set of points comprising the ith peak point, PPi,
the two associated valley points, VP1i and VP2i, the half
point of first half wave (HP1i), the half point of second half
wave (HP2i), the turning point of first half wave (TP1i), the
turning point of second half wave (TP2i) and the moving
average curve point (MAC(PPi)). As such, all peak features
can be categorized into three groups, namely amplitude,
width and slope, resulting in five different amplitudes,
seven different widths and four different slopes, to a total of
16 features, as shown in table 1.
Details of the different peak detection algorithms in different peak models are tabulated in table 2, which is generalized to signals such as PPG and ECA as well as EEG.
However, the main goal of peak detection is to determine the
event, not describe the fine structure of entire peaks. Therefore, for the event detection systems highlighted in table 1,
detection performance serves only to identify the best performing algorithm for capturing an event.

3. Employed methods
3.1 Neural network with random weights (NNRW)
NNRW is a randomized learner approach entailing a singlelayer feed-forward neural network (SLFN), as first introduced by Wouter F Schmidt [22]. In essence, the network
of NNRW consists of input, hidden and output layers,
where the parameters of input weights and the biases at the
hidden layer in the network are randomly chosen for a
specific time interval. The weights at the output layer in the
network can be estimated by calculating the Moore–Penrose generalized matrix inverse [23]. A similar randomized
learner concept introduced by Pao et al [24], known as the
random vector functional-link (RVFL) networks, has been
extended in various tests of the RVFL concept.
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Lying between the input and hidden layers of the NNRW
are the input weights, whereas output weights lie between
the hidden and output layers. The training process of the
NNRW consists of three stages. First, the input weights are
assigned random values between -1 and ?1. Next, the
biases in the hidden layer are assigned random values
between 0 and ?1. The approach to assign the input
weights and biases is based on the experimental procedure
in [25]. During the training process, the input weights and
biases remain fixed. Afterwards, the output matrix of the
hidden layer, H, is calculated as follows:
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ð1Þ
where g is an activation function of the hidden neuron, x is
the N 9 L matrix of inputs, a is the d 9 L matrix of random input weights, b is the 1 9 L matrix of random biases
in the hidden layer, N is an arbitrary distinct sample, L is
the number of hidden neurons and d is the number of
inputs. The ith column of H is the output of the ith hidden
neuron with respect to inputs x1, x2, until xd.
The NNRW can be represented as a linear system,
modelled mathematically as
Hb ¼ T

where b is the L 9 m matrix of output weights and T is the
N 9 m matrix of target outputs; m is the number of output
neurons. The b and T matrixes are denoted as
2
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Figure 1. Eight-point locations of a peak.

ð4Þ
Nm

respectively. To find the least-square solution, b, of the
linear system, Hb = T, the minimum-norm least-square
solution is computed as follows:
kH ða1 ; . . .; aL ; b1 ; . . .; bL Þb  T k
¼ minkH ða1 ; . . .; aL ; b1 ; . . .; bL Þb  T k:
b

ð5Þ
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Table 1. Equations and descriptions of peak features.
Peak
feature

Feature name

Equation

Description

Amplitude between peak and valley of the first half
Amplitudes Peak-to-peak amplitude of the first
f1 ¼ jxðPPi Þ  xðVP1i Þj
wave
half wave
Peak-to-peak amplitude of the
f2 ¼ jxðPPi Þ  xðVP2i Þj
Amplitude between peak and valley of the second half
second half wave
wave
Turning point amplitude of the
f3 ¼ jxðPPi Þ  xðTP1i Þj
Amplitude between peak and turning point of the first
first half wave
half wave
Turning point amplitude of the
f4 ¼ jxðPPi Þ  xðTP2i Þj
Amplitude between peak and the turning point of the
second half wave
second half wave
Moving average amplitude
f5 ¼ jxðPPi Þ  MAC ðPPi Þj
Amplitude between peak and moving average
Widths
Peak width
f6 ¼ jVP1i  VP2i j
Width between valleys of the first and second half waves
First half wave width
f7 ¼ jPPi  VP1i j
Width between peak and valley of the first half wave
Second half wave width
f8 ¼ jPPi  VP2i j
Width between peak and valley of the second half wave
Turning point width
f9 ¼ jTP1i  TP2i j
Width between turning points of the first and second half
waves
First half wave turning point width
f10 ¼ jPPi  TP1i j
Width between turning point of the first half wave and
peak
Second half wave turning point
f11 ¼ jPPi  TP2i j
Width between turning point of the second half wave
width
and peak
FWHM
f12 ¼ jHP1i  HP2i j
Width between the half-way points of the first and
second half waves


xðPPi ÞxðVP1i Þ
Slopes
Peak slope of the first half wave
Ascending
peak
slope of the first half wave
f13 ¼  PPi VP1i 


 i ÞxðVP2i Þ
Peak slope of the second half
Descending peak slope of the second half wave
f14 ¼ xðPP
PPi VP2i 
wave


 i ÞxðTP1i Þ
Ascending peak slope between peak and turning point of
Turning point slope of the first
f15 ¼ xðPP
PPi TP1i 
the first half wave
half wave


 i ÞxðTP2i Þ
Turning point slope of the second
Descending peak slope between peak and turning point
f16 ¼ xðPP

PPi TP2i
half wave
of the second half wave

Table 2. Summary of the previous studies using various types of peak detection algorithms for different peak models.

Peak model

Input
signals

Event

Classification method
Thresholds, rule-based

Elgendi et al [2]

PPG

Liu et al [20]
Acir [9]

EEG
EEG

Heart rate
analysis
Epilepsy
Epilepsy

Acir et al [1]

EEG

Epilepsy

Liu et al [11]
Dingle et al [12]
Dumpala et al [8]

EEG
EEG
ECA

Epilepsy
Epilepsy
Gastric activity

AdaBoost
Radial basis function network (RBFN)
Radial basis support vector machine (RBSVM)
ANN, Expert system
Thresholds, rule-based, Expert system
Thresholds, Rule-based

It is well known that the smallest norm least-square
solution of Eq. (5) is
T

1

T

þ

b ¼ ðH HÞ H T ¼ H T

Stage 1
Stage 2

ð6Þ

where H? is the Moore–Penrose pseudo-inverse of H. The
summary of the training stages of the NNRW classifier is as
follows.

Stage 3

Mean accuracy test of event
(%)
Sensitivity: 99.89
Selectivity: 99.84
93.5
Sensitivity: 91.1
Selectivity: 89.2
Sensitivity: 89.1
Selectivity: 85.9
90
80
100

Assign randomly the input weights ai and biases
in the hidden neurons, bi
Calculate the output matrix of the hidden layer,
H
Calculate the output weights, b ¼ H þ T

The output function of NNRW classifier of a given
unknown sample x is
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f ðxÞ ¼ hðxÞb:

ð7Þ

In the output layer, two neurons are used in the network
for binary classification of the output into class 0 and 1. The
predicted class label of a given unknown sample x is
defined as follows:
labelðxÞ ¼ arg maxfi ðxÞ :

ð8Þ

i2f1;...;mg

3.2 PSO algorithm
The PSO algorithm was first introduced by James Kennedy
and Russell Eberhart in 1995 as a representation of the
movement of flocking birds or schooling fish [26]. In this
study, the PSO algorithm iteratively attempts to find the
best solution in a specific search space and it becomes the
learning process of features weights for signal peak detection problem. In general, the PSO algorithm follows several
steps as denoted in Algorithm 1 below: (1) initialize, (2)
calculate the fitness evaluation function, (3) update the
personal best (pbest) for each particle and global best
(gbest), (4) update the particle’s velocity and position and
(5) terminate based on a stopping criterion.
In the initialization step, several initial PSO parameters
such as the initial weight, x, the cognitive and social
components, c1 and c2, the random values r1 and r2, the
initial velocity vector and pbest score for each particle and
the gbest score for a population at each iteration are all set
to a specific initial value.
Algorithm 1: PSO algorithm
1:
Initialization
2: while not stopping criteria do
3:
for each ith particle in a population do
4:
calculate fitness evaluation function
5:
update pbest and gbest
6:
end for
7:
for each ith particle in a population do
8:
update the ith particle’s velocity and
9:
update the ith particle’s position
10:
end for
11: end while
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training and testing EEG signals must be filtered so as to
remove noises. The filtering process in this study uses
the Daubechies 4 wavelet at level 5. The training phase
of the algorithm involves several processes, including
peak candidate identification, feature extraction and
feature weight with data learning processes implemented
by the NNRW classifier. The FWL is performed during
the training phase in order to identify the optimal network weights using the PSO algorithm described earlier.
Also, the estimation process is executed during this initial phase so as to train the network for adjusting NNRW
parameters using the learning algorithm of the NNRW
classifier. In the testing phase, the algorithm follows the
same sequence of processes, but the optimal feature
weights and NNRW parameters emerging from the
training phase are used in the classification process of the
testing phase. The final output of the training and testing
phase is the predicted peak points and non-peak points of
the identified peak candidates.

4.1 Peak candidate identification
The first process of the detection algorithm is to recognize
candidate peaks, which must be parsed into groups consisting of true non-peaks and true peaks. The group of true
peaks is reassigned to the category of candidates peaks,
which can be further classified into predicted true nonpeaks and predicted true peaks using the NNRW classifier.
The process to determine peak candidates is as follows.
By considering a discrete-time signal, x(I), of L points, the
ith candidate peak point, PPi, is identified using the threepoint sliding window method [8, 27]. The three points are
denoted as x(I - 1), x(I) and x(I ? 1) for I = 1, 2, 3,…, L.
A candidate peak point is identified when xðPPi 
1ÞhxðPPi ÞixðPPi þ 1Þ and two associated valley points,
VP1i and VP2i, are found between. Both valley points exist
when
xðVP1i  1Þ [ xðVP1i Þ\xðVP1i þ 1Þ
and
xðVP2i  1Þ [ xðVP2i Þ\xðVP2i þ 1Þ.

4.2 Feature extraction
The entire set of 16 peak features listed in table 1 are used
to define the four different peak models, as tabulated in
table 3.

4. EEG signals peak detection algorithm
The algorithm of EEG signal peak detection (figure 2)
involves training and testing phases to determine the best
fit model for the collected EEG data. The data used in
this study had been recorded using two scalp electrodes
from clinical EEG recordings from 20 healthy young
make volunteers, who gave informed consent to participate in the study, in accordance with institutional regulations. In the first stage of peak detection, the input

4.3 FWL-NNRW
In integrating FWL into NNRW, one layer is added to the
right side of the network, as shown in figure 3. The weights
in the layer represent the feature weights for input neurons.
As noted earlier, the weights are initially assigned as a
random number between 0 and 1. The output matrix of the
hidden layer for integrated FWL, H0 , is modified as follows:
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Figure 2. Training and testing phase of EEG signals peak detection algorithm.

Table 3. List of different peak models and corresponding sets of features.
Peak model
Dingle et al [12]
Dumpala et al [8]
Acir et al [1]
Liu et al [11]
All features
3
hðx1 Þ
.. 7
7
. 5
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6
6
..
¼6
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.
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Set of features

Number of features

f5, f6, f13, f14
f1, f6, f13, f14
f1, f2, f7, f8, f13, f14
f1, f2, f3, f4, f6, f9, f12, f13, f14, f15, f16
f1, f2, f3, f4, f5, f6, f7, f8, f9, f10, f11, f12, f13, f14, f15, f16
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4
6
11
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NL

ð9Þ
where wi is the feature weights of the input neurons. The
estimated output weights of the modified NNRW are
denoted as
b0 ¼ H 0þ T:

ð10Þ

Subsequently, the output function and the predicted class
label are reformulated as follows:
f 0 ðxÞ ¼ h0 ðxÞb0

ð11Þ
0

labelðxÞ ¼ arg maxfi ðxÞ

Figure 3. Feature weights learning NNRW.

ð12Þ

n
o
as wki ¼ wki;1 ; wki;2 ; wki;j ; . . .; wki;d , where j = 1, 2, 3, …,

Table 4 illustrates the representation of particle position.
The ith particle at the kth iteration represents the feature
weight wki . The position of particle i at iteration k is denoted

d is a jth dimension of feature weights.
The PSO algorithm adapts the feature weight parameters
of the NNRW during a training process. Our primary

i2f1;...;mg
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Table 4. Representation of feature weight parameters.
Feature weights
Particle ith’s position
wki;1
wki;2

…

wki;d

objective is to find the value of the feature weights for
producing the highest classification performance in the
training process. The detailed process of the evaluation of
fitness evaluation function in PSO algorithm is illustrated in
figure 4. To this end, the fitness evaluation function is
based on the classification output of FWL-NNRW classifier
and Gmean [28]. The Gmean is calculated as follows:
TPR ¼

TP
TP þ FN

TN
TN þ FP
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
Gmean ¼ TPR  TNR
TNR ¼

ð13Þ
ð14Þ
ð15Þ

where any true peak (TP) is the correctly detected apex
point of a peak candidate, a true non-peak (TN) is any
correctly detected non-peak point of a peak candidate, a
false peak (FP) is an incorrectly designated non-peak point
of a peak candidate, a false non-peak (FN) is any incorrectly detected true peak point of peak candidate, TPR is
the true peak rate and TNR is the true non-peak rate.

5. Experiments
In this section, we describe the two main experiments for
detecting peaks in our EEG signals. In the first experiment,
all 16 features and the four different peak models are
considered as inputs to NNRW without any FWL. In the
second experiment, all 16 features and the four different
peak models in table 3 are used as inputs to the FWL of the
NNRW.

5.1 Experimental set-ups
Each experiment was conducted in 30 independent runs. To
prepare the experiment data, the first half of the filtered
EEG signals was assigned to training data, and the second
half of testing data. The first half of training data consists of
the series of EEG recordings in 10 subjects, while the
second half of testing data consists of the series of EEG
recording in other 10 subjects As shown in table 5, for the
NNRW classifier of each experiment, the number of hidden
neurons was selected by a trial and error method, to a
maximum of 500 neurons. The sigmoid [-1, 1] is used as
an activation function in the hidden layer for normalization,
whereas a linear function is located inside the neuron in the
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output layer. Other settings for the NNRW classifier, such
as the number of neurons in the input layer and the number
of neurons in the feature weight layer, are dependent on the
number of the associated features of the particular peak
model. The number of output neurons was set to 2. We note
that the input weights and the biases remained fixed during
the training, but the values of these two NNRW parameters
changed for each run.
For each run of the NNRW with FWL, we used 30
particles for performing the FWL. For each of these particles, the total number of dimensions is equal to the number
of features in the feature set. The maximum number of
iterations for the PSO algorithm was set to 1000.
For the initial value of PSO parameters, the maximum
inertia weight, xmax, was 0.9 and the minimum inertia
weight, xmin, was 0.4. The cognitive component, c1, and
the social component, c2, were set to 2, as proposed by Shi
and Eberhart [29]. The random values, r1, and r2, are
assigned random values ranging from 0 to 1. The initial
velocity vector for each particle, the pbest score for each
particle and gbest score were all set to 0. These parameters
settings of the PSO are presented in table 6.
To evaluate the peak detection algorithm for training and
testing phases, four different measurements are used,
including the average Gmean, the maximum Gmean, the
minimum Gmean and the standard deviation (STDEV).

5.2 Experimental protocols
The experimental protocol was approved by the medical
ethics committee of the University of Malaya Medical
Centre. All subjects signed informed consent forms in
advance of the EEG session. The 20 healthy volunteers
were undergraduate and postgraduate students in the Faculty of Engineering. The filtered EEG signals in this study
were obtained in the Applied Control and Robotic (ACR)
Laboratory, Department of Electrical Engineering, Faculty
of Engineering, University of Malaya, Malaysia.
The filtered EEG signal recordings were conducted using
the g.MOBIlab portable biological signals acquisition system. The scalp electrode arrangement was placed following
the international convention for the 10–20 electrodes
placement, but with the use of only four active electrodes.
The EEG signals were recorded from channels C3 and C4,
while channel CZ served as a reference. The ground electrode was located on the FPz channel. The sampling frequency was set to 256 Hz. The electrodes from the C3 and
C4 channels are positioned on the central scalp for
detecting EEG peaks associated with the brain activity
associated with commanded horizontal eye gaze direction
shifts. The eye gaze directions producing EEG peaks for
channels C3 and C4 were archived.
The subjects were advised to wash their hair and rest
before the day of data collection session. In the data collection session, the subjects were told to prepare for the
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Figure 4. FWL-NNRW with PSO algorithm for peak detection algorithm.

Table 5. Parameters setting of NNRW.
Parameters
Number of neurons in hidden layer
Activation function at hidden layer
Activation function at output layer
Number of neurons in the input layer
Number of neurons in the output layer
Number of neurons in the feature
scaling layer

Value
500
Sigmoid [-1, 1]
Linear function
Depends on number of
features
2
Depends on number of
features

external voice cue within up to 4 s. Appearance of the cue
is voice command or verbal reminder for the subject to
move his eyes, initially in forward fixation, to the left or
right. At exactly 5 s from the beginning session, the
external voice cue appears instructing the subject to follow
the command. The subjects have only to follow the command to shift gaze to the left or right direction, and hold the
new eye position from 5 until 10 s, which is the end of the
EEG recording. This instruction is usually used to reduce
the number of blink artifacts. In that case, the subjects are
instructed to blink before and after recording session. The

eye gaze directions that produce some peaks in the signals
on channels C3 and C4 are archived as raw data for
analysis.
Figure 5 shows an example of a filtered EEG signal that
is linked to a voluntary horizontal eye movement event,
either to the left or the right. The dotted red vertical lines
show the peak point location, as assigned manually. The
eye movement recordings consist of 40 signals from the C3
and C4 channels, each of 10 s sampled at 256 Hz, as
specified in table 7.
Several previous studies have relied upon the C3 and C4
channels to record the EEG activation in association with
commanded gaze shift [3, 30]. Also, the CZ channel is
commonly used as a reference for EEG signals; we selected
the C3, C4 and CZ EEG channels because they have relatively little contamination from artefacts due to eye blinking [31]. The C3 and C4 channels are of proven utility in
human–machine interface (HMI) applications such as
wheelchair navigation [30].
All recodings totalled 40 s in duration, and contained
102,400 sampling points, of which only 40 are actual peak
locations. The first 51,200 sampling points were used as
training data. Here, initial peak analysis recognized 1730
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Table 6. Parameters setting of PSO algorithm.
Parameters

Table 7. Signals specifications.
Value

Decreasing inertia weight, x
Cognitive component, c1
Social component, c2
Random values, r1 and r2
Initial velocity vector for each particle
Initial pbest score for each particle
Initial gbest score
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0.9–0.4
2
2
Random number [0,1]
0
0
0

Specification
Sampling points per signal
Length per signal (s)
No. of signals
No. of peak point per signal
Sampling frequency (Hz)

Channel C3

Channel C4

2560
10
20
1
256

2560
10
20
1
256

6.2 Peak model with FWL
candidate peaks, of which 20 are genuine peaks, and the
remainder non-peaks.

6. Results and discussion
6.1 Peak model without FWL
The results of peak detection for training and testing performance without FWL are tabulated in table 8. The average, maximum, minimum and STDEV values for the
training performance were 84.7%, 86.6%, 83.7% and 1.4%,
respectively, for the Dumpala model, 88.3%, 89.4%, 86.6%
and 1.4% for the Acir model, 78.9%, 83.7%, 74.1% and
2.6% for the Liu model, 99.3%, 100%, 97.4% and 0.9% for
the Dingle model and 88.3%, 94.9%, 80.6% and 3.6% with
all 16 peak features. Overall, the Dingle model had superior
accuracy in the training stage compared with the Liu model.
For the testing performance, the average, maximum,
minimum and STDEV values were 70.1%, 82.6%, 51.6%
and 6.7% for the Dumpala model, versus 36.9%, 62.6%,
0% and 11.9% for the Acir model, 52.1%, 71.8%, 37.2%
and 7.9% for the Liu model, 71.7%, 89.2%, 57.1% and
6.9% for the Dingle model and 36.9%, 58.1%, 0% and
11.8% when using all 16 features. Thus, the Dingle model
gave the highest accuracy, whereas the Acir and 16-feature
models gave the lowest accuracies.
One of the 30 runs using the Acir and the 16 features
models had zero contribution to detection performance
during the testing phase, due to failure of the testing performance in that instance, presumably due to the presence
of irrelevant features, which rendered the classifier unfit to
recognize all true peak points in those signals. In this case,
the Dingle model obtained the highest minimum testing
accuracy (57.1%), indicative of its greater robustness.

Results for 30 runs of the several peak models with FWL in
the NNRW classifier are listed in table 9. These results
include the training and testing performances for the four
peak models and the 16-feature analysis. The four peak
models inherently ignore some peak features, and use only
designated features as inputs to the classifier. These peak
models were selected based on the single characteristics,
rather than via an experimental approach. Thus, we can
now ascertain the effect of these peak models on the
detection performance of the FWL- NNRW classifier. The
training performance for average, maximum, minimum and
STDEV values were 92%, 92.2%, 89.4%, 0.7% for the
Dumpala model; 92.2%, 92.2%, 92.2%, 0% for the Acir
model; 89.5%, 92.2%, 89.4%, 0.5% for Liu model and
100%, 100%, 100%, 0% for the Dingle model versus
98.4%, 100%, 94.9%, 2.1% for the 16-feature analysis.
Overall, the training results of the Dingle model proved
superior compared with the Dumpala, Acir and Liu models;
training detection performance of the Dingle model was
100%. The Acir and Dingle models both contributed 0% of
the STDEV, which is the lowest STDEV value when
compared with other existing models. We conclude that
that FWL greatly improved the learning process of the
NNRW classifier.
Testing performances for average, maximum, minimum
and STDEV values were 72.4%, 96.4%, 44.3%, 13.6% for
the Dumpala model; 68.7%, 96.2%, 31.4%, 17.3% for the
Acir model; 66.8%, 96.3%, 22.3%, 18.9% for the Liu
model; 74.1%, 96.3%, 49.5%, 10% for the Dingle model
and 52.9%, 70.7%, 31.6%, 3% for all 16 features. The
highest testing detection performance was obtained by the
Dingle model, whereas the all 16 features model gave the
lowest performance. With respect to the 16-feature analysis, the selected features in the Dingle model enhanced
detection performance from 52.9% to 74.1%.

6.3 Comparison of results for NNRW
with and without FWL

Sampling points

Figure 5. The filtered EEG-based voluntary eye movement
signal (one peak point per signal).

We present comparison of peak model performance with
and without FWL in table 10, for analysis of EEG data
using four established peak models, and a complete
16-feature peak description. In general, we see improved
performance of NNRW with the addition of FWL, which
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Table 8. Peak detection training and testing performance without using feature weight learning.
Training (%)

Testing (%)

Peak model

Average

Max.

Min.

STDEV

Average

Max.

Min.

STDEV

Dumpala
Acir
Liu
Dingle
All features

84.7
88.3
78.9
99.5
88.3

86.6
89.4
83.7
100
94.9

83.7
86.6
74.1
97.4
80.6

1.4
1.4
2.6
0.9
3.6

70.1
36.9
52.1
71.7
36.9

82.6
62.6
71.8
89.2
58.1

51.6
0
37.2
57.1
0

6.7
11.9
7.9
6.9
11.8

Table 9. Peak detection training and testing performance using feature weight learning.
Training (%)

Testing (%)

Peak model

Average

Max.

Min.

STDEV

Average

Max.

Min.

STDEV

Dumpala
Acir
Liu
Dingle
All features

92
92.2
89.5
100
98.4

92.2
92.2
92.2
100
100

89.4
92.2
89.4
100
94.9

0.7
0
0.5
0
2.1

72.4
68.7
66.8
74.1
52.9

96.4
96.2
96.3
96.3
70.7

44.3
31.4
22.3
49.5
31.6

13.6
17.3
18.9
10
3

Table 10. Comparisons of peak models testing accuracy for NNRW without and with FWL.
Peak
model
All
features
Liu
Acir
Dumpala
Dingle

NNRW without FWL (%)
Set of feature

NNRW with FWL (%)

Average Max. Min. STDEV Average Max. Min. STDEV

f1, f2, f3, f4, f5, f6, f7, f8, f9, f10, f11, f12, f13, f14, f15, f16

36.9

58.1

0

11.8

52.9

70.7

31.6

3

f1, f2, f3, f4, f6, f9, f12, f13, f14, f15, f16
f1, f2, f7, f8, f13, f14
f1, f6, f13, f14
f5, f6, f13, f14

52.1
36.9
70.1
71.7

71.8
62.6
82.6
89.2

37.2
0
51.6
57.1

7.9
11.9
6.7
6.9

66.8
68.7
72.4
74.1

96.3
96.2
96.4
96.3

22.3
31.4
44.3
49.5

18.9
17.3
13.6
10

increased average test results from 37% to 53% for the case
of all 16 features. However, the 16-feature peak description
was by no means the best performing input for the NNRW
classifier with FWL. We suppose that the 16 features are
overspecified due to the well-known noise properties of
recorded EEG signals. Thus, the individual features were
all vulnerable to large variance arising from various noise
sources. We find that a selection of peak features gives
superior input for the classifier to differentiate correctly
between peak and non-peak.
As can be seen in table 10, over 30 runs, the Acir peak
model, like the all-feature model, gave 0% accuracy of the
minimum testing result as an input to NNRW without
FWL. However, the addition of FWL to the NNRW avoided any instances of 0% testing accuracy of minimum
testing accuracy for each peak model. This confirms the
general superiority of FWL-NNRW classifier.
Furthermore, we find that the NNRW with FWL learning
for all the four models (Dumpala, Acir, Liu and Dingle)

showed significant improvement of detection performance
compared with the stand-alone NNRW (table 10). Thus, the
average testing accuracy of the Liu model for NNRW
increased 14.7% with FWL. Similarly, FWL increased the
average testing accuracy by a factor of 31.8% for the Acir
model. With FWL, they all seem to converge at around
70% accuracy, although the increment in performance is
low for Dumpala and Dingle. Therefore, 74% accuracy is
the highest performance as we can get in this study.

6.4 Analysis of learned weights variation of every
peak model
The distributions of feature weights for 30 runs of every
peak model are illustrated as boxplots in figure 6, so as to
display variation in the samples without making any
assumptions of the underlying statistical distributions.
Overall, the boxplots show that use of FWL gave smaller
and more symmetric variance as compared with the stand-
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Figure 6. Learned weights variation of every peak model. (a) All features model, (b) Liu model, (c) Acir model, (d) Dumpala model
and (e) Dingle model.

alone NNRW. This shows that the FWL successfully
optimized the weighting of the associated features for
getting the smaller variance of the models. The lower lying
boxes in figure 6 correspond to the peak models containing
some irrelevant or distracting features. The results in
table 10 show clearly that a peak model containing some
irrelevant features does not achieve the highest peak
detection performance. For example, the most irrelevant
features of the complete 16-feature model are f9 and f10,

whereas f9 proves irrelevant in the Liu model, versus f7 and
f8 in the Acir model and f6 and f14 in the Dumpala model.
Comparing the Dingle and Dumpala models, all features of
the Dingle model learned higher weight than did features of
the Dumpala model. Therefore, we conclude that the Dingle model, with only four features, gives the most relevant
available combination of peak features, resulting in the
highest testing accuracy.
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7. Conclusions and future works

Acknowledgements

In this study, we searched for the most relevant model for
detecting peak in EEG signals, using an algorithm with
FWL applied to an NNRW classifier. We obtained real
EEG data of two channels responsive to frontal cortex from
20 healthy subjects who were instructed to direct their
horizontal eye gaze upon command. The data were used to
evaluate the performance of four established peak detection
models as well as a complete 16-feature analysis. Our
choice of four different peak models was based on the
known peak features in EEG signals in the time domain
analysis, and based upon their proven utility in various
physiological signal applications [1, 2, 8, 11, 12]. In the
experiments, various permutations of the 16 features were
applied to a stand-alone NNRW, and an approach with
FWL and NNRW. We evaluated the performances of
NNRW with and without FWL for the various peak models,
aiming to identify the approach giving the highest accuracy
in the testing data set.
In general, the experimental results showed that the FWLNNRW method performed better than stand-alone NNRW
for all peak model inputs. The highest performance peak
detection algorithm (Dingle) integrated with FWL-NNRW
gave 74.1% accuracy. The highest classification rate of the
minimum testing result (49.5%) was also obtained by the
Dingle model, indicating a good generalized performance.
On the other hand, we also analysed the learned weights
variation of every peak model, aiming to give a physically
deep understanding of relevant and irrelevant features. Based
on the analysis of the learned weights variation, the most
irrelevant features are from the group of peak width and
slope, which are f6, f7, f8, f9, f10 and f14.
The utilization of the NNRW without the FWL classifier
gave generally inferior accuracy of the peak detection
performance. Results in table 9 show that the highest
detection performance for stand-alone NNRW was 71.7%,
and the highest of minimum accuracy was only 57.1%.
Using the NNRW with FWL gave better performance, with
an average testing accuracy at 74.1%. Based on these
results, we will undertake comparisons of other variations
of NNRW classifiers in the detection algorithm, aiming for
still better peak detection performance. We feel that this
study has significant implications for many applications.
For example, the general peak detection problem is an issue
in critical care medical diagnostics [4], human–machine
interface (HMI), brain–computer interface (BCI) and harmonic detection in digital and audio signal processing. Our
present case of EEG peak in response to a voluntary change
of horizontal eye gaze direction might be useful for patients
with locked-in syndrome or other disabilities for controlling
the direction of computer cursor in BCI applications [32].
This approach might also be translatable for EEG-based
command of the movement of a robotic arm or wheelchair
in HMI applications [30, 33].
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