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a b s t r a c t 

Evaluating an operator’s mental workload during work activities is crucial to maintain safety and per- 

formance. By minimizing human error associated with work demands , especially in a hazardous envi- 

ronment, potentially serious errors may be avoided. This study aims to assess the feasibility of using an 

in-ear EEG system to classify the user’s state in a visuomotor tracking task that may influence mental 

workload and motor action. A two-channel wireless in-ear EEG system was used to record EEG signals 

while subjects performed the task using a joystick to manipulate an object displayed on a monitor. A 

highly comparative time series analysis was employed on the processed signals to extract and select the 

top features for each subject individually. The features sets were trained and tested with support vec- 

tor machines, random forest, linear discriminant analysis, subspace discriminant, and neural network to 

compare their performances. Models trained on two trials, each 14 minutes in duration and tested on 

the other trial were able to yield an accuracy of 79.30 ± 4.85% on average across the ten participants 

with an individualized moving average threshold filter and classifier. This proof-of-concept study demon- 

strates the feasibility of using a two-channel wireless in-ear EEG system as a viable solutions to develop 

wearable devices to detect mental workload associated with the execution of visuomotor tasks. 

© 2019 Published by Elsevier Ltd on behalf of IPEM. 
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. Introduction 

The ability to assess an operator’s mental workload contin-

ously and autonomously whilst undertaking tasks could lower

he incidence of industrial accidents and injuries [1] , improve the

sability of human-computer interfaces [2] , and aid in the design

f appropriate adaptive automation systems [3–7] . One of many

ays this can potentially be achieved is through the integration of

hared autonomy techniques, in which a closed-loop dynamics are

ormed between the user and the brain-actuated device in such a

ay that the task can be performed as easily and safely as possible

8] . For example, such a system may aid in monitoring the user’s

ognitive load while operating a heavy equipment, to provide

lerts and feedback when high mental workload is detected. 

Operator performance and workload have been previously in-

estigated in several studies involving driving tasks [9,10] , mental

rithmetic tasks [11] , n-back tasks, as well as during multitask-

ng [12] . For example, the Multi-Attribute Task Battery (MATB-II)

rovides a set of tasks analogous to activities that aircraft crew

embers perform in flight, like tracking, monitoring, resource
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anagement, and communications [13] . The need for increased

ttentional effort and alertness for visuomotor control has been

hown to induce a change in brain activity, especially in the right

arietal lobe [14] . 

Several measures of mental workload have been studied in

he past, including various behavioral, subjective, and physiological

easures [15,16] . Physiological measures appeared to be more ap-

ropriate for practical applications, since they can provide contin-

ous data over time and do not affect task performance [17] . Elec-

roencephalography (EEG) provides excellent time resolution and

an track changes as different behaviors are performed. Moreover,

EG can be collected using portable platforms, and thus can be

sed outside the laboratory environment, unlike other neuroimag-

ng modalities such as functional magnetic resonance imaging [18] .

revious studies have found correlations between EEG and mental

orkload in visuomotor tasks [19–21] . 

The limited portability and long setup time of traditional EEG

ystems have hindered the integration of such brain monitoring

latforms into daily lives [22] . Consequently, a more discreet, un-

btrusive, and user-friendly approach has been developed in which

EG is recorded through an in-ear electrode (ear-EEG) with a de-

ice worn like an earbud [23] . The ear-EEG systems yielded simi-

ar performance to that of conventional on-scalp EEG systems, and

eflected the same cortical activity as nearby temporal region scalp

https://doi.org/10.1016/j.medengphy.2019.03.016
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Table 1 

Demographic data of the participants. 

Participants Gender Age 

A00 F 25 

A01 M 31 

A02 F 41 

A03 M 28 

A04 M 54 

A05 M 32 

A06 F 25 

A07 F 23 

A08 M 23 

A09 F 54 
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electrodes [24] . Several arrangements of the in-ear/ear EEG sys-

tem have been used in past studies, such as two in-canal elec-

trodes placed diametrically opposed to each other on a viscoelas-

tic substrate [23] , and multiple in-canal and concha electrodes on

a custom-made earpiece made using the user’s ear imprints [24] .

In this study, one in-canal electrode on a viscoelastic material at-

tached to a generic 3D printed enclosure was used for each ear. 

The visuomotor tracking task used in this study involved vi-

sual object recognition, as well as working memory which refers

to short-term maintenance and manipulation of items [25] . Visual

recognition has been typically viewed as a bottom-up hierarchy

process that deals with information sequentially with increasing

complexity: lower-level cortical processors such as the visual cor-

tex are at the bottom and higher-level cortical processors such as

the inferotemporal cortex (IT) are at the top, where recognition

is facilitated [26] . Within the inferior temporal cortex (ITC), sev-

eral regions work together to process and recognize objects. One

such example is the connectivity between the ITC and the parahip-

pocampal place area, which helps differentiate between scenes and

objects, while the hippocampus remembers the appearance of an

object and compares it to others for future use [27,28] . A study in-

vestigating the neural mechanisms through which the medial tem-

poral lobe (MTL), pre-frontal cortex (PFC), and ITC interact dur-

ing working memory maintenance found that with increasing load,

EEG phase synchronization increased between the IT cortex and

anterior parahippocampal gyrus, as well as within the MTL [29] .

The MTL has also been found to be an important junction in the

planning and execution of motor actions, whether they were inter-

nally or visually driven [30] . 

Rolandic beta rhythms (13–30 Hz) are observed as spontaneous

activity in healthy subjects over the sensory-motor strip and are

modulated during various motor and cognitive tasks. Movement

is associated with neuronal activation in the somatosensory area

and rolandic beta rhythms were speculated to increase when the

sensory-motor strip neuronal system is relaxing after an activa-

tion phase [31] . The higher frequency band gamma rhythm (30–

80 Hz) is modulated by sensory input and internal processes such

as working memory and attention [32] . Gamma power in the so-

matosensory cortex increases with sensory drive [33] and is related

to visual attention during a cognitive task [34] ; while in the higher

cortex, gamma power is elevated during working memory [35] and

learning [36] . 

The beta band (13–30 Hz) has been widely used for the mea-

surement of mental workload when indicating engagement level

during sustained attention [37] , alertness [38] , sensory process-

ing in active wakefulness [39] , and increasing memory load [40] .

In addition, the beta band has also been associated with motor

imagery, movement preparation, and movement [41,42] which re-

lates to the visuomotor tracking task performed. Further, gamma

frequencies > 30 Hz are also closely associated with sensory pro-

cessing [43] . Oscillation of neural activity within the gamma band

(35–45 Hz) has been observed after visual stimuli or just before

a movement task, and is associated with the binding of sensory

information for sensorimotor integration [44] . A previous study

investigating salient features to measure mental workload found

that among the five common EEG bands (delta, theta, alpha, beta,

gamma) and physiological signals (heart rate, blinks, and breath

intervals), gamma band features in the 31–40-Hz range appeared

to be the most salient, followed by the continuous eye-blink fea-

ture [45] . The beta band features in the 13–30-Hz range along with

heart rate features have also been found to be consistently salient

[45] . 

This study focused on assessing the feasibility of utilizing an

unobtrusive two-channel in-ear wireless EEG system to classify the

subject’s state when performing a visuomotor tracking task using

a joystick to manipulate an object displayed on a monitor. The in-
ar EEG system was first assessed by performing an alpha attenu-

tion paradigm test on one subject. Then, several classifier models

ere explored for each subject’s data by individually training them

n two trials and testing them on the other trial. Finally, the dif-

erences in the classifiers’ accuracies across all participants were

valuated using a cross-validation testing procedure to observe the

ffects of different models on the testing accuracy. 

. Methods 

.1. Participants 

Ten healthy participants, five females and five males, mean age

3.6 ± 12.0 years participated in this study. All of them were right-

anded. Their demographic data are presented in Table 1 . 

.2. In-ear EEG system setup 

Twenty individual in-ear EEG earpieces were fabricated for the

en participants for use in each ear. The earpiece consisted of a 3D

rinted enclosure, memory foam earbud (Comply TM T-200, Hear-

ng Components, Inc., USA), conductive silver fabric electrode (re-

istance of less than 1 ohm per foot), and a stainless-steel conduc-

ive thread. A 4 mm x 10 mm silver fabric was cut and sewn onto

he memory foam with a conductive thread into which a standard

ire was soldered. The end of the wire was then connected to a

.5 mm touch-proof connector (Cadwell®, Cadwell Industries, Inc.,

SA) that connected to a BioRadio TM Wireless Physiology Monitor

Great Lakes NeuroTechnologies, Cleveland, OH, USA). The in-ear

EG electrode was located on the upper side of the ear canal when

onned, as illustrated in Fig. 1 . The total impedance measured from

he twenty in-ear electrodes to the connector was 2.65 ± 0.82 �. 

Two channels were placed in the left as well as the right ear

sing the earpieces. The reference electrode was placed on the left

arlobe using a 10 mm diameter gold-plated cup ear clip electrode

Technomed Europe, NL), and the ground electrode was placed on

he forehead using a 1 × 1 inch pre-gelled cloth electrode (MVAP

edical Supplies, Inc., CA, USA) connected to a snap connector

Advantage Medical electronics, LLC, FL, USA). To improve the elec-

rical contact between the electrodes and the skin, a saline solution

as applied on the in-ear electrodes and conductive paste (Ten20®

eaver and Company, Colorado, USA) was applied on the earlobe

eference electrode. EEG data were recorded with a sampling rate

f 250 Hz. 

.3. Data acquisition 

All ten participants were seated in front of a monitor wear-

ng the in-ear EEG system while performing a computer-based

isuomotor tracking task as shown in Fig. 2 . Each participant

erformed three trials of a 14-minutes task consisting of eight al-

ernating ‘resting’ and ‘tracking’ states, each with a duration of
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Fig. 1. In-ear EEG earpiece. The earpiece consisted of a 3D printed enclosure, 

memory foam earbud, conductive silver fabric electrode and stainless-steel conduc- 

tive thread that connects to an EEG amplifier. The electrode was positioned on the 

upper side of the ear canal when the earpiece was worn. 

Fig. 2. Experiment setup. Participant performing a computer-based visuomotor 

tracking task using a joystick to control the yellow box on the right side with the 

goal to maintain the connecting black bar as horizontal as possible at all times, 

while wearing an in-ear EEG system with electrodes in both ears (left channel 

shown), ground electrode (GND) on the forehead and reference electrode (REF) on 

the left earlobe. 
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05 s. During the ‘resting’ states, the participant was asked to rest

hile the monitor screen showed a crosshair with a black back-

round. During the ‘tracking’ states, the monitor screen showed a

raphical user interface (GUI) in which the participant used a joy-

tick (Extreme 3D Pro Joystick, Logitech, Switzerland) to vertically

ontrol a yellow box on the right side connected to a blue box on

he left side. Both boxes moved only in the vertical direction and

ere connected to each other with a black bar. This interface partly

esembled that of a previous study investigating the effects of Gal-

anic Vestibular Stimulation (GVS) on manual tracking behavior in

arkinson’s disease [46] . The blue box oscillated vertically and fol-

owed a pre-generated trajectory. The participant was asked to im-

tate the trajectory of the blue box and keep the connecting black

ar horizontal at all times. 

In each trial, the tracking task required following trajectories

hich were produced by generating an amplitude modulated sig-
al with a carrier frequency of 0.01 Hz, a modulation frequency

f 0.03 Hz, and a modulation index of 0.4/0.95. The differences

etween the trajectories in the alternated tracking blocks were a

hase shift and an inverted signal, this minor variation was intro-

uced so that the participants did not expect the same trajecto-

ies in all the trials while also keeping a consistent level of diffi-

ulty between the trials. The overall task performed is illustrated

n Fig. 3 . The trajectories were scaled to have a peak-to-peak mag-

itude of 576 pixels, displayed at a resolution of 1920 × 1080

ixels on the 27 ′′ monitor. The tracking task involved fine motor

ovements mainly generated from the wrist to control the dis-

layed object on the screen using the joystick. Participants were

nstructed to not produce unnecessary body movements and to sit

till throughout the test. 

.4. In-ear EEG processing and validation 

EEG signals were filtered at a 12–50 Hz frequency band. This

ange was chosen as it was expected to indicate a change in brain

ctivity due to the activation of the sensorimotor strip area during

he fine wrist movements, as well as changes in mental workload

s a result of somatosensory processing. The in-ear EEG was also

ituated close to the temporal lobe, which is associated with visual

bject recognition and working memory. 

The reliability of the signals obtained through this in-ear

EG system was first assessed through an alpha attenuation

aradigm. A previous study which characterized EEG signals

ecorded through the ear-EEG method found that ear-EEG signals

ave lower, but perfectly acceptable discriminatory power com-

ared to those of a conventional on-scalp EEG setup [24] . In this

tudy, the setup was first assessed by performing an Alpha Atten-

ation Response (AAR) test over 100 s, in which a subject opened

nd closed their eyes, holding each state for 10 s. During the tran-

ition, a short auditory stimulus was generated to instruct the sub-

ect to open or close their eyes. The signal was filtered using a

–30 Hz bandpass filter and a short-time Fourier transform (STFT)

as performed using a 1-second Hamming window with 50% over-

ap. The number of discrete Fourier transform points was set to

56, obtained from max(256,2 p ), where p = � log 2 N w 

� and N w 

is

he length of the window. An increase in alpha band power was

xpected during the closed eyes period. 

.5. Feature extraction and selection 

As explained in the previous section, participants were asked

o perform continuous ‘resting’ and ‘tracking’ states alternatingly,

ach lasting for 105-second as illustrated in Fig. 3 . The middle

00-s of each block was used to exclude the between-state tran-

ition period. A 12–50 Hz bandpass FIR filter was applied to a

oving 7.5-s window with 

1 / 3 overlap, and the last 5-s time series

ignal was used to extract the features, hence there was no over-

ap between each successive 5-s EEG segment. The length of the

indow chosen was obtained experimentally and was expected to

how a stable representation of the state. This pre-processing stage

esulted in each alternating state (block) comprising nineteen 5-s

indows. Therefore, with three trials of alternating states, each

ubject produced a total of 3 trials × 8 blocks × 19 windows = 456

indows of time series signals for each channel. Each window was

ormalized by subtracting its mean and dividing by its standard

eviation. 

The non-stationarity and inherent variability of EEG signals are

mong the challenges in developing a reliable BCI system [47] .

ontinuous changes over time between or within the recording,

s well as mental/emotional state in different sessions and in-

erent differences between subjects, could contribute to signal

ariability [48] . One approach used in this study was to use
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Fig. 3. Alternated task. Participants performed three trials of alternated resting and tracking states. Each trial duration was 14 min, consisting of eight 105-s blocks per- 

formed continuously. 
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subject-dependent measures and employ the Highly Comparative

Time-Series Analysis (HCTSA) [49] software package within MAT-

LAB to extract the filtered and normalized signals for each indi-

vidual. HCTSA is a computational framework that uses ∼70 0 0 time

series features to automatically select useful features for a given

application [50] . The features were derived from the vast scien-

tific time-series analysis literature, which includes summaries of

time series in terms of their correlation structure, distribution, en-

tropy, stationarity, scaling properties, and fits to a range of time-

series models [51] . The computed features were normalized us-

ing a scaled quantile-based sigmoidal transform and ten clusters

were generated from the top forty features that best separated the

labeled time series using a linear classifier. The feature with the

highest accuracy in each cluster was selected, yielding 20 features

for both the left and right channel for each subject. This approach

was applied to each subject’s dataset individually. 

2.6. Model training and testing 

After selecting the features, each subject’s data were trained

individually with six classifiers: SVM with linear kernel, SVM with

Gaussian kernel, random forest, LDA, subspace discriminant, and

neural network (NN) using MATLAB. For both linear and Gaussian

kernel SVM, the box constraint levels were set to 1 and the kernel

scale was set to ‘auto’ to automatically compute the value using a

subsampling procedure. For both ensemble learning classifiers, i.e.:

subspace discriminant and random forest, the number of learning

cycles was set to 64 and the number of predictors to sample was

set to 4, obtained from 

√ 

pred where pred is the number of features

[52] . The random forest classifier was set to grow deep trees with

a maximum number of splits set to the number of observations –

1. The NN was configured to have one hidden layer of 10 neurons

with a scaled conjugate gradient backpropagation training algo-

rithm and the performance was calculated using a cross entropy

function. The training stopped if the network reached any of the

following: validation error increase after 6 iterations, 10 0 0 epochs,

0 performance goal, or 1e −6 performance gradient. 
The primary measure to evaluate the performance of the sys-

em is the test accuracy obtained in an across-trial procedure, in

hich the classifier models were generated by training on two

rials (2 trials × 8 blocks × 19 windows = 304 windows) and were

ested on the third trial of the dataset (1 trial × 8 blocks × 19 win-

ows = 152 windows). Each window was non-overlapping and rep-

esented one observation. This across-trial testing was performed

hree times for each training and test trial set combination, as il-

ustrated in Fig. 4 (a). A moving average was calculated over a slid-

ng window of five data points centered around the current ele-

ent position to smooth out noisy prediction output. The first and

ast two data points after averaging were excluded resulting in 148

indows. A moving average value less than or equal to a certain

hreshold value was classified as a resting state, while a moving

verage value greater than the threshold value was classified as a

racking state. In order to obtain the final output of the averaged

redicted result and maximize accuracy, a grid search of threshold

alues with steps of 0.2 was performed, where 0 represented the

esting state and 1 represented the tracking state. 

Since the optimal test accuracies were achieved by different

lassifiers in the across-trial testing procedure, a cross-validation

as performed to observe if any of the classifiers performed better

n general compared to the rest. Each subject’s entire three trials

ataset (456 windows) were permutated and divided into 5-fold

or training and testing to obtain the average across-fold accuracy,

s illustrated in Fig. 4 (b). No moving average filter was used in this

rocedure, since the observations were permutated. The process

as repeated 10 times to obtain a grand average to represent the

alidation accuracy of each model. Here, 80% of the dataset was

sed for training compared to 67% used in the across-trial testing. 

.7. Statistical analysis 

Statistical analyses were carried out using IBM SPSS Statistics to

bserve whether there was a significant difference in the achieved

est accuracies for the across-trial procedure for different test trial

ets. A significant difference may imply that the data are time sen-

itive and produced a substantial change during the protocol. The
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Fig. 4. Data splitting. (a) Across-trial testing: train on two trials and test on the other trial in all combinations. (b) Cross-validation testing: all windows from three trials 

were combined, permutated, and divided into 5-fold. 

h  

f  

f  

t  

c  

a  

c

 

m  

i  

b  

w  

s  

a  

T  

s  

r  

p  

m  

t  

t  

r

3

3

 

a  

t  

j  

(  

s  

c  

9  

e  

a  

i  

(  

c  

e  

s  

t

3

 

w  

p  

t  

c  

a  

r  

d  

i  

p  

a  

o  

i  

a  

s  

e  

(  

b  

f  

f  

f  

s  

c

3

3

 

d  

n  

c  

a  

o  

r  

t  

a

ighest test accuracies obtained through one of the six classifiers

or each subject were compared on each test trial to study the ef-

ects of time on the models’ performances, i.e. test accuracy of test

rials 1, 2, and 3. The average validation accuracy results from the

ross-validation procedure were also compared to see if there was

 significant difference in the accuracies produced by the different

lassifiers. 

A repeated measures one-way ANOVA was used if the dataset

et the following assumptions: no significant outliers, approx-

mately normal distributions, and equal variance in differences

etween all possible pairs of within-subject conditions. Boxplots

ere used to detect the outliers in the group, the normality as-

umption was checked by performing a Shapiro-Wilk test as well

s by visually observing the histogram and Q-Q plot of the data.

he sphericity assumption was checked by performing Mauchly’s

phericity test. Although the repeated measures ANOVA is quite

obust to some violations of the assumptions, Friedman’s non-

arametric test was used instead if the assumptions were im-

ensely violated. If a significant difference in the non-parametric

est was obtained, a Wilcoxon signed rank test was used to observe

he pairwise difference between the group with the highest mean

ank compared to the rest. 

. Results 

.1. In-ear EEG alpha attenuation response (AAR) 

As an example, this setup was tested on one of the subjects,

nd the time-frequency plots for the left and right in-ear EEG elec-

rode are shown in Fig. 5 (a) and (b). For every 10 s when the sub-

ect’s eyes were closed, an increase of power in the alpha band

8–13 Hz) for both channels was observed. The power spectral den-

ities (PSD) on the alpha band (8–13 Hz) during eyes opened and

losed were compared by averaging the power over the middle

 s of each state using the STFT. The measured alpha band pow-

rs on the left channel were 6.283 × 10 −13 and 1.994 × 10 −13 ,

nd 5.272 × 10 −12 and 2.129 × 10 −12 on the right channel dur-

ng eyes closed and opened, respectively as shown in Fig. 5 (c) and

d). In this example, the Alpha Attenuation Coefficient (AAC), cal-

ulated as a ratio of the mean alpha power during eyes-closed to

yes-open was 3.129 and 2.476 on the left and right channels, re-
pectively. This shows that the in-ear EEG system could distinguish

he change in the alpha wave in the AAR paradigm. 

.2. Feature selection 

Ten features for each left and right channels for each subject

ere obtained from the automated feature selection algorithm em-

loying ∼70 0 0 feature operations using HCTSA [50] . Therefore, a

otal of 100 features for all ten subjects for each left and right

hannels were selected. These selected optimum features varied

cross subjects and were all unique for the left channel. On the

ight channel, two identical operations were used twice, i.e. stan-

ard deviation of standardized mean of FFT power spectrum split

nto four normalized bands and root mean square error of model

rediction using a 6th order autoregressive model for one step

head prediction [49,50] . A brief description showing an example

f selected features for the left channel of subject A00 is provided

n the supplementary material (Table S1). Details of the parameters

lgorithm can be found in the HCTSA documentation [49,50] . Con-

istent with HCTSA terminology [49,50] , the exhaustive feature op-

rations computed could be loosely categorized into several types

e.g. model fitting (MF), correlation (CO), stationarity (SY), distri-

ution (DN)) that employ common algorithms but may use dif-

erent input parameters and produce multiple outputs. Of the 200

eatures extracted from both channels across all ten participants,

eatures obtained from correlation and model fitting parameters

howed the highest occurrence in best separating the two class

onditions (resting vs tracking state) as illustrated in Fig. 6 . 

.3. Model testing 

.3.1. Across-trial 

The data for each subject were trained on two trials (304 win-

ows) and tested on the other trial (152 windows) in all combi-

ations with all six classifiers. Fig. 7 illustrates the results of the

lassification for subject A00 trained on the first and second trials,

nd tested on the third trial, using a NN classifier with a threshold

f 0.6. This procedure was applied to all subjects individually. The

esults from training on the first two trials and testing on the last

rial with classifiers and thresholds that yielded the highest test

ccuracies are listed in Table 2 . 
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Fig. 5. AAR of in-ear EEG setup. Top panel: time-frequency plot of (a) left channel and (b) right channel of in-ear EEG signals showing an increase in alpha band (8–13 Hz) 

power in the 10 s interval during eyes closed compared to eyes opened. Bottom panel: power spectral density plot of (c) left channel (d) right channel showing a peak in 

the alpha band during the eyes closed condition. 

Fig. 6. Types of selected features for the left and right channels across all participants. Ten features were selected for each channel for each participant, resulting in 200 

features from both channels across ten participants. Features were broadly categorized based on HCTSA terminology [49,50] . 
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Table 2 

Across trial results of all subjects’ data trained on trial 1 and 2, tested on trial 3. 

Subject Classifier Train Acc. Test Acc. Before Thres. Mov. Avg. Thres. Test Acc. After Thres. 

A00 Neural network 78.95 78.29 0.4 89.86 

A01 Subspace discriminant 66.78 68.42 0.4 78.38 

A02 SVM Gaussian 91.78 64.47 0.6 72.30 

A03 SVM linear 68.75 62.50 0.4 72.30 

A04 LDA 75.00 77.63 0.4 87.84 

A05 Subspace discriminant 70.07 72.37 0.4 84.46 

A06 SVM Gaussian 92.76 66.45 0.4 75.68 

A07 LDA 73.36 65.79 0.4 79.05 

A08 Neural network 72.70 65.79 0.4 74.32 

A09 Neural network 69.74 63.82 0.6 70.95 

Mean 68.55 78.51 

Standard deviation (SD) 5.65 6.76 

Fig. 7. Across-trial testing predicted output with moving average thresholding 

of Subject A00 with neural network classifier. (a) test label (0: resting, 1: track- 

ing), (b) classifier’s predicted value, (c) moving average of sliding window for 5 data 

points, (d) smoothed predicted output after thresholding (threshold = 0.6). 

Fig. 8. Average across trial test accuracies for all subjects on: each test trial set 

and the average of all trials. Test accuracies were obtained from the highest per- 

forming classifiers trained on two trials and tested on the other one trial, a moving 

average filter was applied to smooth out the prediction output. 
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Fig. 8 summarizes the across-trial test results of each test set

nd on average across all subjects trained individually on two trials

sing the classifier and threshold value that yielded the highest ac-

uracy, without (left) and with (right) the moving average filter for

ach group. Taking the average of all three trial set combinations
ndividually produced an average test accuracy of 79.30 ± 4.85%

fter filtering. Testing on the first trial produced a slightly higher

est accuracy at 80.74 ± 5.68% compared to the other two trials at

8.51 ± 6.76% and 78.65 ± 7.04%. The optimal test accuracies were

chieved by different classifiers, and a cross-validation procedure

as performed repeatedly with permutated data and more train-

ng samples to observe if any of the classifiers performed better in

eneral. 

.3.2. Cross-validation 

The performance of each classifier was compared using a 5-fold

ross-validation trained and tested individually per subject and re-

eated over 10 iterations. Fig. 9 shows the average performance of

he classifiers across all subjects. Overall, NN produced the highest

ean accuracy across folds at 71.50 ±4.79% and median at 69.40%

interquartile range (IQR) = 69.07–72.36%]. The lowest mean accu-

acy was produced by random forest at 67.33 ± 4.29% and median

t 65.82% [IQR = 64.58–67.94%]. 

.4. Statistical analysis 

In the across-trial procedure, test accuracies after moving av-

rage filtering in the three trial test sets were compared using a

hree-factor repeated measures one-way ANOVA. There were no

utliers in either group, the residuals’ normality assumptions were

et through Shapiro-Wilk tests, and the sphericity assumption

as met through Mauchly’s sphericity test. No significant differ-

nce was obtained through testing on different trials ( F 2, 18 = 0.548,

 = 0.587), this may suggest that the data were quite stable within

he ∼50 min recording sessions. 

In the cross-validation procedure, average validation accura-

ies for each classifier were the dependent variables and box-

lots showed 1 or 2 outliers in the random forest, subspace dis-

riminant, and NN groups. Further, Shapiro-Wilk’s tests on each

roup’s residuals rejects the null hypothesis of the SVM linear, sub-

pace discriminant, and NN groups having a normal distribution

 p < 0.05). Based on these results, it was determined that the non-

arametric test may be more appropriate, hence Friedman’s test

as used instead of the repeated measures one-way ANOVA. There

as a statistically significant difference in the validation accuracy

btained with different classifiers ( χ2 (5) = 23.886, p < 0.0 0 05), the

N having the highest mean rank at 6.00 compared to the SVM

inear, SVM Gaussian, random forest, LDA and subspace discrimi-

ant at 3.60, 300, 2.60, 2.50, and 3.30, respectively. All paired dif-

erence groups between NN and each of the remaining classifiers

howed normal distributions based on visual inspection of the his-

ogram and had a Shapiro-Wilk’s test p -value > 0.05. Therefore, the

ilcoxon signed rank test was deemed appropriate. A Bonferroni

orrection was applied on the five comparisons performed, there-

ore adjusting the significance level to 0.01. All five comparisons
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Fig. 9. Average 5-fold cross-validation accuracy over 10 iterations for all subjects. The performance of SVM linear, SVM Gaussian, random forest, LDA, subspace discrimi- 

nant, and neural network classifiers were compared using a 5-fold cross validation over 10 iterations of training and testing within subject. 
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produced p -value < 0.005, rejecting the null hypothesis that the

median differences between them were zero. 

4. Discussions 

In ear-EEG previously showed lower amplitudes compared

to on-scalp EEG, but exhibited similar signal-to-noise ratio with

diminished electro-oculogram and motion artifacts, as there are

no muscle fibers in the ear canal and the face and eye muscles

are located far away [22] . The tight fit of the viscoelastic foam

earbud has also been shown to have an excellent resistance

to motion artifacts, especially from the pulsatile ear canal wall

movement [23] . In this preliminary study, a blink artifact removal

algorithm was not applied during the data processing, since only

two channels were used and blink artifacts are more prominent

in the forehead area. The diminished blink artifacts, on the other

hand, might also influence the distinction between the two states,

since mental workload has been associated with blink duration,

rate, and latency [53–55] . 

NN outperformed the other classifiers for all subjects in the

cross-validation, but this was not always the case in the across-

trial testing. This might be because of the larger training size (80%)

used in the cross-validation, which is more appropriate for NN.

On the other hand, in the across-trial method, only 67% of the

data were used for training. Although the results of NN are not

consistently stable, having a larger training size in the across-trial

method is expected to boost the accuracies to reach what was ob-

tained in the cross-validation method. Random forest produced the

lowest mean accuracy among all, which might be due to overfitting

as the classifier was configured as a deep tree with a maximum

number of splits set to the maximum number of observations – 1.

This showed in the high training accuracy achieved, however based

on visual observation of the boxplots as shown in Fig. 9 , random

forest showed comparable accuracy to the rest of the other non-

NN classifiers. Regardless, this study roughly compared different

classifiers performance in such a task. Future work may focus on

fine-tuning the parameters of a certain optimum classifier (i.e. NN

based on the cross-validation testing in this study) to further im-

prove its performance. 
The average test accuracies before moving average filter ob-

ained in the across-trial method (69.32 ±4.48%) were closely

epresented by the cross-validation accuracies of non-NN clas-

ifiers (67.83 ±4.50%), although a different train/test proportion

as used between the two methods. In the cross-validation, the

on-overlapping 5-second epochs were permutated randomly

cross all three trials and divided into 5-fold. The EEG data is

ot entirely independent where nearby consecutive windows

ay be classified similarly, hence this could possibly skew the

erformance level in the across-trial procedure. However, this

id not appear to affect our results, as observed from the similar

ccuracies obtained between the across-trial procedure without

oving average filter (non-permutated, non-overlapping epochs)

nd the cross-validation procedure (permutated, non-overlapping

pochs). For example, using a LDA classifier, there was no sta-

istical difference between across-trial accuracy on test trial 3

ithout moving average filter (mean = 65.92%, SD = 6.63%) and the

ross-validation accuracy (mean = 67.81%, SD = 4.89%); t(9) = 1.55,

 = 0.16. NN classifier, however, showed a significantly higher

ccuracy in the cross-validation (median = 69.40%, IQR = 5.19%)

ompared to the across-trial testing on trial 3 (median = 65.13%,

QR = 7.07%); p = 0.005 using the Wilcoxon signed rank test, which

ould be due to the previously mentioned larger training set used

n the cross-validation being more appropriate for NN. Based

n this, the across-trial accuracy is not expected to significantly

mprove compared to the cross-validation accuracy, although the

EG data is not entirely independent over time. However, these

omparisons may not fully capture the potential limitation of

kewing the performance level, and it may still exist, though no

ignificant improvement in the across-trial accuracy was observed

ompared to the cross-validation accuracy, as the two methods

sed a different train and test proportions. 

The optimal threshold of the moving average filter to smooth

ut the classifiers’ predictions was obtained through a grid search

y comparing the test accuracy results, and was also subject and

rial dependent. The brain is non-stationary, adaptive (e.g. aging

nd learning factor), and dynamic (e.g. changing along with phys-

ological variations) [56] . In this study, moving average threshold-

ng boosted the test accuracies by about 10%. By applying such a
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ethod, few subjects at different test trial sets (A02, A03, A04 on

est trial set #2) produced a disproportionately high false nega-

ive requiring very low threshold values (0, 0.2, 0.2 respectively).

owever, analyzing the data by testing on the last trial in the

cross-trial method (train on trials 1 & 2, test on trial 3) among

he participants yielded optimized threshold values mostly cen-

ered halfway, at either 0.4 or 0.6, which can be used as a baseline

hreshold. 

On the software side, the offline analysis aspect was the

ain limitation, as HCTSA was performed on each subject’s en-

ire dataset in order to obtain the set of top features. In a prac-

ical implementation, an unseen test set would not be consid-

red to obtain the set of top features for each individual. On the

ther hand, the automated feature selection algorithm used in this

tudy was performed on each subject, and the optimal features

elected varied and were mostly unique across subjects. This was

xpected since in finding the best-separating features, HCTSA em-

loyed ∼70 0 0 feature extractions computed based on several com-

on operations that can receive different input parameters and

roduce multiple outputs [49,50] . Despite this, several types of op-

rations produced the most selected features used across all sub-

ects (i.e. correlation and model fitting parameters) in reference to

CTSA categorization [49,50] . Future works may consider extract-

ng features using these types of operations, finding the general

est feature set for all subjects, and investigating the trade-off be-

ween personalized feature selection and performance loss, since

unning massive feature extractions may not be feasible for the

ardware in a wearable device application. A decrease in perfor-

ance is expected when using a fixed set of operations to extract

he features that are common for all subjects. Future research may

lso consider focusing on fine-tuning the optimum classifier cou-

led with the selected general optimum features. 

Although the required low impedance of a similar viscoelas-

ic in-ear EEG setup has been verified in another study [23] , an

mpedance check was not performed as part of our common EEG

etup procedure due to the amplifier’s hardware limitations. A one-

ize viscoelastic memory foam earbud was used in this experi-

ent, which might not be optimal for all subjects, as the size

nd shape of the ear canal vary among individuals. Adding an

mpedance measurement and using a customized viscoelastic ear-

ud for each subject may be considered to improve the system’s

eliability and robustness in future studies. 

To further investigate the feasibility of implementing the sys-

em in practice, more studies could be conducted in which partic-

pants are strictly controlled and involved in multiple sessions in

rder to assess the robustness of the trained model, and compare

he features obtained through rigorous massive feature extraction

rocesses to specific, predetermined features sets (power spectral

ensity, wavelet-based, etc.). Other physiological signals such as

eart rate have also been linked to mental demands [57] . There-

ore, an electrocardiogram (ECG) might also be incorporated along-

ide the in-ear EEG setup to enhance performance while keeping

he system discreet and portable. 

. Conclusions 

This study demonstrated that a two-channel in-ear EEG sys-

em used as a BCI application can distinguish between rest-

ng and visuomotor tracking states with an average accuracy of

9.30 ± 4.85% across ten subjects. In achieving this accuracy, the

raining data of each subject were limited to 25.3 min of EEG

ecordings and tested on the other 12.6 min of the recorded sig-

als. An extensive feature extraction algorithm was employed to

elect the top performing features for each individual. As a per-

onal brain monitor to detect a user’s mental workload, the over-

ll system proposed herein may be more portable and discreet, as
ell as easier and quicker to set up than conventional scalp EEG

ystems. The results of this preliminary study show potentials for

uture application of in-ear EEG to improve operators’ safety and

erformance in daily activities. 
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