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Abstract— Using a smartphone for Electroencephalogram
(EEG) based research in the natural environment is a growing
field of study. It brings attention to device portability,
participant mobility, and system specifications. This article
discusses the most recent developments in the field of EEG
investigations using smartphones in natural environments, for
healthy and clinical applications. We integrate the current
trends in smartphone-based EEG studies, namely experimental
paradigms, electrode/hardware compatibility, preprocessing
frameworks, classifiers, and software apps. However,
smartphone devices have inherent limitations like computational
time and algorithm performance. Implementing artifact
reduction and classification algorithms together in an android
smartphone app is still speculative, and possible solutions are
proposed. This review presents a holistic insight into our current
understanding and challenges of the smartphone's role in
natural environment electroencephalogram trials.

Clinical Relevance— These portable smartphone-based EEG
systems will be useful in monitoring individuals with psychiatric
diseases, in addition to human brain applications in a natural
setting. With ubiquitous availability of internet on smartphones,
telemedicine is another possible application.

[. INTRODUCTION

Electroencephalogram or EEG is a high temporal resolution
technique used to analyse neurocognitive processes[1].
Traditional EEG experiments included wired electrodes
mounted on the participants' scalp, connected to a large
amplifier with a computer monitor placed in front. This kind
of experimental setup is only possible in a confined
environment such as a laboratory. With time wired electrodes
transformed into wireless, wearables, and beyond wearables
while reduced amplifier size enabled better movement
possibilities for the participants and allowed the flexible
design of experiments[2]. EEG-based experimentation in a
natural environment using a smartphone is currently an active
area of research. However, such experiments attract several
challenges from the perspectives of a smartphone BCI app
developer. Smartphone-based mobile electroencephalography
(mobile EEG) is a non-invasive, portable, and very affordable
next-generation neuroscientific technique for studying real-
time brain activity. Reducing the number of electrodes as
much as possible helps participants behave naturally. A
massive amount of artifacts often come along with the EEG
signals of interest. These include biological artefacts like
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heartbeats, eye and muscle movements, and electrical artefacts
such as wire, electrode movement and line noise[3].
Smartphone-based mobile EEG will enable the whole-body
movement of participants, thereby giving rise to additional
sources of artifacts. Implementing a suitable and robust pre-
processing algorithm will obtain our signal of interest. Then
integrating with a classifier may provide information about
aspects of brain function. Our review paper aims to focus on
the smartphone for natural environment EEG experiments. To
the best of our knowledge, no such review work has been
reported as of now. Fig. 1 represents the graphical abstract of
our review work.

II. CURRENT TRENDS IN SMARTPHONE-BASED EEG

A. Paradigms/Experiments

Designing an EEG-based BCI framework for a particular
application requires selecting a protocol and paradigm for all
the experimental stages. At the first stage, the subject executes
an experimental task (e.g., visual, auditory, or imagery) upon
which the brain activity is recorded through the EEG signals.
Utilizing these EEG signals, a neural decoder is developed for
the paradigm. The generated neural decoder is then used for
BCI control during subsequent performing of the tasks. Abiri
et al.[4] discusses the broad idea of paradigm types and their
applications. The auditory oddball paradigm has been used
recently in several EEG-based real-life environment
studies[5], [6]. Apart from that, paradigms such as the
competing-speaker paradigm[7], high-pressure learning
task[8], walking task[9], mixed-bridges knowledge
paradigm[10] are also used to study behavioural changes
within EEG in naturalistic environmental studies.

B. Smartphone Software Apps

BCI aims at using brain waves to control various auxiliary
devices. Stopcyznski et al. presented the Smartphone Brain
Scanner as a portable smartphone-based 3D EEG imaging
system[11] that captured the brain activity during a finger-
tapping experiment. NeuroPhone, a BCI application on
iPhone[12], used P300 signals to dial numbers through the
Dial Tim application. The first Nokia phone-based BCI[13]
consisted of a visual stimulator, a wireless EEG headband, and
a Bluetooth-enabled module. It used an external visual
stimulator to realize the SSVEP (Steady State Visually Evoked
Potential) paradigm by showing a virtual telephone keypad to
dial a number. The integrated signal processing on a single
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Figure 1. Current Challenges in Natural Environ EEG Experiments

device resulted in a fully smartphone-operated BCI in the
following year[14]. Due to its single paradigm and proprietary
communication protocol, its application remained limited. In
the following years, Blum et al. put forward an EEG-BCI
multi-app  framework[15],  which  integrated data
acquisition(smarting app), BCI processing on SCALA(Signal
Processing and CLassification on Android), and stimulus
presentation(Stimulus  Android app) on an android
smartphone. Although the framework was flexible in terms of
paradigm and sensors used, it had one limitation of running
multiple apps simultaneously at the same time for data
acquisition. An app named TinnituSense is reported to
integrate all the previous applications into a single one, thus
resulting in the first smartphone app to record and visualize
data in real-time[16], which permits real-world EEG
experiments. To comprehend how sounds are perceived in
real-world situations, Holle et al. created two Android apps
(AFEx and Record-a) that, when combined with a
commercially available smarting app on an Android
smartphone, enabled simultaneous acquisition of EEG data
and audio features, such as sound onsets, average signal power
(RMS), and power spectral density (PSD)[17]. A recent
Android app called CameraEEG, created by Madhavan et al.,
allowed synchronised collection of EEG and video data[ 18] In
contrast to natural recording applications that seem to utilise
numerous apps or intricate arrangements to present/record
them, the CameraEEG  android  app records
electroencephalogram and external stimuli using a single
android application with EEG device-specific libraries.

C. Electrodes/Hardware compatible with Smartphone-
based EEG

The first and foremost step for natural environment EEG
experimentation is selecting appropriate hardware and
electrodes for the study. The data acquisition system should
be chosen based on the task, participants' nature, and the
research question. The selection of the electrodes can be
decided based on factors such as the type of the electrode
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(wired or wireless), cost, data quality, and the setup time to
put the electrodes. Table I. represents some commercially
available EEG amplifiers/electrodes which have been used in
many studies. Apart from these, task design and data storage
play a significant role in a smartphone-based EEG study.
Scanlon et al. compared active and passive electrode
configurations during standing and walking conditions[19].
Their main takeaway was that regardless of whether the
electrode type is active or passive, the signal quality for both
experiments remained the same. Hence use of passive
electrodes would provide the participant a hassle-free
investigation with much freedom of movement for outdoor
experiments. Bleichner et al. developed cEEGrid electrodes
to capture EEG signals around the ear used for auditory
attention studies[2]. These were lightweight, comfortable to
wear anywhere, easy to set up, and concealable. Holle et al.[5]
also used cEEGrid electrodes along with smarting and
presentation apps to study auditory perception in an everyday
context. With the development of mobile EEG hardware,
Bleichner and Emkes[20] developed a nEEGlace, a modified
version of the Smarting amplifier for beyond-the-lab trials.
They tested it with the previously developed smarting and
presentation app. Further, Holle et al. also used the smarting
app and cEEGrid electrodes to study auditory perception in
daily life situations[5]. Lin et al.[21] developed a cost-
efficient custom-made electrode holder assembly with
replaceable montage using a 3D printer tested using dry
electrodes. When comparing ear-EEG with scalp-EEG data
for auditory attention tasks, Meiser et al.)[22] came to the
conclusion that ear-EEG captured equivalent signal quality
with strong event-related potentials (ERPs). Aside from the
LiveAmp and SmartingMobi amplifiers utilised in the
preceding investigations, Smarting Pro and Smarting Pro X
are the most recent additions to the mobileEEG amplifiers that
provide high density EEG recordings. Smarting Pro was
reportedly used recently in a spatial navigation study[23].
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TABLE I. COMMERCIALLY AVAILABLE WIRELESS EEG HARDWARE/ELECTRODES

Company Product Name Channels Bluetooth Battery Life (if Compatible Smartphone
enabled? applicable) with Compatible App
Smartphones?
Brain Products LiveAmp 8, 16, 24, Yes >3 hrs wireless, >4.5 No -
32 hrs on memory card
. EPOC X 14 Yes Upto 9 hrs No
Emotiv EPOC+ 14 Yes Upto 6 hrs Yes EMOTIV App
INSIGHT 5 Yes Upto 4 hrs Yes
NeuroSky MindWave Mobile 2 1 Yes 8 hrs Yes Mindwave Mobile 2 App
Advanced Brain B-Alert X Series Upto 20 Yes Upto 8 hrs No -
Monitoring Stat X Series Upto 20 Yes Upto 8 hrs No -
g.Nautilus PRO 8, 16,32 Yes Upto 10 hrs
g.Nautilus 8, 16, 32, Yes Upto 10 hrs
RESEARCH 64
g.Nautilus Multi- 8, 16, 32, Yes 6 hrs (64 ch), 10 hrs Yes -
g.tec Purpose 64 (8, 16,32 ch)
g.Nautilus PRO 8,16, 32 Yes >6hrs (64 ch), >10
FLEXIBLE hrs (8, 16, 32 ch)
Neuroelectrics Enobio® 8, 20, 32 Yes Upto 20 hrs No -
InteraXon Muse S 1 Yes Upto 10 hrs Yes Muse App
Muse 2 1 Yes Upto 5 hrs
Cognionics Quick-20m 20 Yes 6 hrs
Quick-20rv2 21 Yes 8 hrs
Quick-32r 32 Yes 8 hrs wireless No -
Mobile Series 72,128 Yes 4 hrs wireless, 10 hrs
with micro-SD card
mBrainTrain SMARTING mobi 24,20 Yes Upto 5 hrs SMARTING App,
CameraEEG App
Smarting PRO 32 Yes >10 hrs Yes SMARTING App
Smarting PRO X 64 Yes >10 hrs SMARTING App
SMARTING SLEEP 24 Yes Upto 15 hrs SMARTING App
Smartfones 11 Yes - SMARTING App
Wearable Sensing DSI124 24 Yes Continuous (hot-
swappable batteries)
DS17 7 Yes >12 hrs
DSI 7 Flex 7 Yes >12 hrs No -
VR 300 7 Yes >12 hrs
NeuSenW 8-64 Yes 4 hrs
NeuroCube 8 Yes Upto 2 hrs
TMSi cEEGrid 10 Yes Upto 5 hrs Yes SMARTING App,
CameraEEG App
imec EEG Headset 8 Yes 8 hrs No -
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Electrodes are the primary part of a data acquisition system;
selecting the appropriate electrodes matters significantly. For
smartphone-based EEG experiments, selecting the optimal
electrode setup for data acquisition is crucial, depending on
the type of application and compatibility with smartphone.

D. Pre-processing/Feature Extraction implemented on
Smartphone

Natural environment experimentation attracts multiple
biological and non-biological artefacts that can often mislead
the BCI objective. Selecting a suitable smartphone pre-
processing algorithm is another challenging task.
Riemannian Artifact Subspace Reconstruction (rASR)
developed by Blum et al.[24] was compared with original
ASR(Artifact Subspace Reconstruction) for reducing eye and
muscle artifacts, which proved to perform better than ASR
(Artifact Subspace Reconstruction) in the online and offline
analysis[25]. They used MATLAB and EEGLAB for the
comparison and analysis. However, ASR is present on the
Smarting application. Jacobsen et al.[26] put forward gait-
related artifact footprints that can suppress gait-related
artifacts while keeping the neurological signals of interest.
Bleichner et al.[27] put forward an ICA-based automatized
artifact detection technique to study the artefacts' nature and
distribution in cEEGrid data. However, its implementation in
a smartphone app is yet to be realized. Mehdi et al. put
forward a pre-processing pipeline for the TinnituSense
app[28]. The pipeline offered a 3rd order Butterworth filter
for high pass filtering, a Bandstop filter for line noise removal,
and PREP’s re-referencing algorithm[29] to detect bad
channels. AFEx(Audio Feature Extraction app) was
developed for calculating acoustic features such as audio
capture, PSD, RMS, acoustic onset detection, etc., to study
real-world sound perception[17]. The app ran together with
the Record-a app (for LSL data streaming) and smarting app.
The feasible option available at this time is to select a pre-
processing algorithm that would be suitable with the
hardware, power, and battery of a smartphone.

E. Classifiers on Smartphone

Blum et al[15] presented a simple classifier in the
SCALA app named template matching procedure inspired
from Choi et al.[30] and Bleichner et al.[2]. The classifier was
able to classify between the left attended, and right attended
trials. Classification algorithms such as Random Forest (RF)
have been implemented in a voice-activity detection app for
Android and i0S for real-time on-device noise
classification[31], which turned out to give better results than
Gaussian Mixture Model(GMM). Later on, Sehgal and
Kehtarnavaz[32] compared the previous work with a deep
learning algorithm called CNN(Convolutional Neural
Network), which intended to act as a switch for noise
reduction in signal processing pipelines of hearing devices.
Majumder et al.[33] also used deep neural networks for real-
time detection of diabetic retinopathy. Long Short-Term
Memory (LSTM), an artificial recurrent neural network, has
also been reported to better classify different patterns in the
same cognitive task[34]. Due to its slower computational time
and requirement of high-end GPUs, its implementation on
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smartphone apps for EEG classification is possibly
questionable. Pre-trained models such as BERT(Bidirectional
Encoder Representations from Transformers) have shown
promising results for EEG-based NLP(Natural Language
Processing) tasks[35]. However, these kinds of architectures
tend to be very complex and are difficult to implement on a
smartphone. A compact version of BERT designed explicitly
for mobile devices, called MobileBERT, has shown to be task
agnostic and showed better results when compared to the
BERTgase algorithm for NLP tasks[36]. Hence, we suggest
that these classification algorithms may be implemented and
could give good results for a smartphone-based EEG system.

III. CHALLENGES AND FUTURE DIRECTIONS

A smartphone-based mobile EEG system using an android
app will open gateways to various challenges such as a motion-
tolerant system, i.e., the system should be motion tolerable so
that EEG recordings can be conducted anywhere (i.e.,
outdoors or indoors)[2]. The app should be able to detect and
classify external artifacts from the acquired signals. Low
power artefact removal algorithms and efficient classifiers
integrating into smartphone apps are currently an active area
of research; however, more work is still required[37]. Progress
in these areas will help realize a reliable app to acquire brain
signals for applications like mindfulness training[38]. Also,
lightweight and wireless acquisition devices will enable
hassle-free experiments in any environment[19]. The entire
system should be discreet and comfortable so that participants
can perform their daily tasks without getting noticed by
others[2]. Furthermore, EEG recordings in a natural
environment open scope to measure brain activity in a
comfortable and less conscious environment. It gives us a way
to investigate the impact of the environment on human
behaviour[39]. Additionally, such an EEG monitoring system
will open gateways to monitor infants showing neurological
abnormalities born to cocaine-addicted mothers [40], and in
Alzheimer's patients[41]. Extreme smartphone use has been
linked to decreased workplace productivity[42]. West et al.
revealed smartphone overuse leading to depression and
anxious symptoms using a non-portable EEG device[43].
Electrodes with Smarting Pro coupled to a laptop seem to have
been utilised for real-time studies to comprehend navigational
ambiguity[23]. The effect of various musical genres and the
connectivity of the human brain have lately been studied using
EEG[44]. From a mobility and user-friendliness perspective, a
smartphone-based EEG system will be more beneficial in
carrying out such investigations. Depending on the cognitive
problem on hand, additional smartphone sensors (such as
accelerometer, gyroscope, and GPS) may be combined with
the EEG to enable multimodal data analysis. Availability of
internet on smartphones enables Telemedicine possibility.
Building specific app for cognitive disorders like Parkinson’s,
or Epilepsy in consultation with clinicians is a future
opportunity.

Apart from these challenges, using a minimum number of
electrodes based on Region of Interest (ROI) would provide
less data, resulting in faster analysis. Also, incorporating prior
knowledge and selecting channels that promote higher
classification accuracy will provide less error rate for the test
data set. Electrodes can be selected according to ease of use
since the signal quality remains the same regardless of the
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amplification system type (active or passive)[19]. Evaluating
the pre-processing and classification algorithms using
evaluating metrics would also contribute towards getting a
better smartphone-based EEG app. Additionally, further
research in the areas of LSL (Lab Streaming Layer) and its
integration to smartphone apps with user-friendly graphical
interfaces are areas for future work.

IV. CONCLUSION

EEG in a natural environment is currently an active area of
research. Incorporating a mobile EEG recording system, a
pre-processing algorithm, and a classifier will give us a better
smartphone-based EEG system. Artefact reduction
algorithms such as ASR or rASR seem to perform reasonably
well. Their integration with an efficient classifier on a
smartphone app is perhaps the next step forward. In this
regard, CNN and MobileBERT on smartphones for natural
language processing applications seem motivating. It is
necessary to study them and work towards implementation on
an app. Given the limited processing capacity of
smartphones, it is necessary for future studies to propose
efficient ways for a commercially viable portable EEG
system. We believe these are some immediate perspectives
for a smartphone-based EEG system for natural environment
applications.

AUTHOR CONTRIBUTIONS

CNG and SC proposed the idea. First draft of the entire
paper was written by DH. CNG and DH then discussed and
refined the paper to arrive at final submitted version.

REFERENCES

[1] M. X. Cohen, “Analyzing Neural Time Series Data: Theory and
Practice,” Jan. 2014, doi: 10.7551/mitpress/9609.001.0001.

[2] M. G. Bleichner, B. Mirkovic, and S. Debener, “Identifying auditory
attention with ear-EEG: cEEGrid versus high-density cap-EEG
comparison,” J. Neural Eng., vol. 13, no. 6, p. 066004, Oct. 2016, doi:
10.1088/1741-2560/13/6/066004.

[3] S.Kanoga and Y. Mitsukura, Review of Artifact Rejection Methods for
Electroencephalographic ~ Systems.  IntechOpen, 2017.  doi:
10.5772/68023.

[4] R. Abiri, S. Borhani, E. W. Sellers, Y. Jiang, and X. Zhao, “A
comprehensive review of EEG-based brain—computer interface
paradigms,” J. Neural Eng., vol. 16, no. 1, p. 011001, Jan. 2019, doi:
10.1088/1741-2552/aafl2e.

[5] D. Holle, J. Meekes, and M. G. Bleichner, “Mobile ear-EEG to study
auditory attention in everyday life,” Behav Res, Mar. 2021, doi:
10.3758/s13428-021-01538-0.

[6] J.E.M. Scanlon, E. X. Redman, J. W. P. Kuziek, and K. E. Mathewson,
“A ride in the park: Cycling in different outdoor environments
modulates the auditory evoked potentials,” International Journal of
Psychophysiology, vol. 151, pp. 59-69, May 2020, doi:
10.1016/.ijpsych0.2020.02.016.

[7] M. Jaeger, B. Mirkovic, M. G. Bleichner, and S. Debener, “Decoding
the Attended Speaker From EEG Using Adaptive Evaluation Intervals
Captures Fluctuations in Attentional Listening,” Frontiers in
Neuroscience, vol. 14, p. 603, 2020, doi: 10.3389/fnins.2020.00603.

[8] W. Lin et al., “Sitting or Walking? Analyzing the Neural Emotional
Indicators of Urban Green Space Behavior with Mobile EEG,” J Urban
Health, vol. 97, no. 2, pp. 191-203, Apr. 2020, doi: 10.1007/s11524-
019-00407-8.

[9] P. Aspinall, P. Mavros, R. Coyne, and J. Roe, “The urban brain:
analysing outdoor physical activity with mobile EEG,” Br J Sports

374

Med, vol. 49, no. 4, pp. 272-276, Feb. 2015, doi: 10.1136/bjsports-
2012-091877.

[10] P. A. Bacevice and A. Ducao, “Use of biometric data and EEG to assess
architectural quality of two office spaces: a pilot experiment,”
Intelligent Buildings International, vol. 0, no. 0, pp. 1-22, May 2021,
doi: 10.1080/17508975.2021.1921683.

[11] A. Stopczynski, C. Stahlhut, J. E. Larsen, M. K. Petersen, and L. K.
Hansen, “The Smartphone Brain Scanner: A Portable Real-Time
Neuroimaging System,” PLoS ONE, vol. 9, no. 2, p. e86733, Feb. 2014,
doi: 10.1371/journal.pone.0086733.

[12] A. Campbell ez al., “NeuroPhone: brain-mobile phone interface using a
wireless EEG headset,” in Proceedings of the second ACM SIGCOMM
workshop on Networking, systems, and applications on mobile
handhelds, New York, NY, USA, Aug. 2010, pp. 3-8. doi:
10.1145/1851322.1851326.

[13] Y.-T. Wang, Y. Wang, and T.-P. Jung, “A cell-phone-based brain-
computer interface for communication in daily life,” J Neural Eng, vol.
8, no. 2, p. 025018, Apr. 2011, doi: 10.1088/1741-2560/8/2/025018.

[14] Yu-Te Wang, Yijun Wang, Chung-Kuan Cheng, and Tzyy-Ping Jung,
“Developing stimulus presentation on mobile devices for a truly
portable SSVEP-based BCL” in 2013 35th Annual International
Conference of the IEEE Engineering in Medicine and Biology Society
(EMBC), Osaka, Jul. 2013, pp- 5271-5274. doi:
10.1109/EMBC.2013.6610738.

[15] S. Blum, S. Debener, R. Emkes, N. Volkening, S. Fudickar, and M. G.
Bleichner, “EEG Recording and Online Signal Processing on Android:
A Multiapp Framework for Brain-Computer Interfaces on
Smartphone,” BioMed Research International, vol. 2017, pp. 1-12,
2017, doi: 10.1155/2017/3072870.

[16] M. Mehdi et al., “TinnituSense: a Mobile Electroencephalography
(EEG) Smartphone App for Tinnitus Research,” in MobiQuitous 2020
- 17th EAI International Conference on Mobile and Ubiquitous
Systems: Computing, Networking and Services, Darmstadt Germany,
Dec. 2020, pp. 252-261. doi: 10.1145/3448891.3448933.

[17] D. Hélle, S. Blum, S. Kissner, S. Debener, and M. G. Bleichner, “Real-
Time Audio Processing of Real-Life Soundscapes for EEG Analysis:
ERPs Based on Natural Sound Onsets,” Frontiers in Neuroergonomics,
vol. 3, 2022, doi: 10.3389/fnrgo.2022.793061.

[18] S. Madhavan, D. Hazarika, C. N. Gupta, “CameraBEG: An Android
Application for Synchronous Recording of Electroencephalogram with
Video data,” 2nd IEEE International Conference on Electronic
Communications, Internet of Things and Big Data, July 2022, Taiwan
[In Press].

[19] J. E. M. Scanlon, N. S. J. Jacobsen, M. C. Maack, and S. Debener,
“Does the electrode amplification style matter? A comparison of active
and passive EEG system configurations during standing and walking,”
European Journal of Neuroscience, vol. 00, pp. 1-15, 2020, doi:
10.1111/ejn.15037.

[20] M. G. Bleichner and R. Emkes, “Building an Ear-EEG System by
Hacking a Commercial Neck Speaker and a Commercial EEG
Amplifier to Record Brain Activity Beyond the Lab,” Journal of Open
Hardware, vol. 4, no. 1, Art. no. 1, Oct. 2020, doi: 10.5334/joh.25.

[21] Y.-P. Lin, T.-Y. Chen, and W.-J. Chen, “Cost-efficient and Custom
Electrode-holder Assembly Infrastructure for EEG Recordings,”
Sensors, vol. 19, no. 19, Art. no. 19, Jan. 2019, doi: 10.3390/s19194273.

[22] A. Meiser and M. G. Bleichner, “Ear-EEG compares well to cap-EEG
in recording auditory ERPs: a quantification of signal loss,” J. Neural
Eng., vol. 19, no. 2, p. 026042, Apr. 2022, doi: 10.1088/1741-
2552/ac5fcb.

[23] Q. Yang and S. Kalantari, “Real-time Continuous Uncertainty
Annotation (RCUA) for Spatial Navigation Studies.” arXiv, Jul. 27,
2022. doi: 10.48550/arXiv.2207.14651.

[24] S. Blum, N. S. J. Jacobsen, M. G. Bleichner, and S. Debener, “A
Riemannian Modification of Artifact Subspace Reconstruction for EEG
Artifact Handling,” Front. Hum. Neurosci., vol. 13, 2019, doi:
10.3389/fnhum.2019.00141.

[25] S.Blum, B. Mirkovic, and S. Debener, “Evaluation of Riemannian ASR
on cEEGrid data: an artifact correction method for BCIs,” in 2019 IEEE
International Conference on Systems, Man and Cybernetics (SMC),
Oct. 2019, pp. 3625-3630. doi: 10.1109/SMC.2019.8914319.

[26] N. S. J. Jacobsen, S. Blum, K. Witt, and S. Debener, “A walk in the
park? Characterizing gait-related artifacts in mobile EEG recordings,”

Authorized licensed use limited to: INDIAN INSTITUTE OF TECHNOLOGY GUWAHATI. Downloaded on April 28,2023 at 10:18:47 UTC from IEEE Xplore. Restrictions apply.



2022 IEEE-EMBS Conference on Biomedical Engineering and Sciences (IECBES)

European Journal of Neuroscience, vol. 54, no. 12, pp. 8421-8440, [44] D. Mahmood, H. Nisar, V. V. Yap, and C.-Y. Tsai, “The Effect of

2021, doi: 10.1111/ejn.14965. Music Listening on EEG Functional Connectivity of Brain: A Short-
[271 M. G. Bleichner and S. Debener, “Independent component Duration and Long-Duration Study,” Mathematics, vol. 10, no. 3, Art.
decomposition of around ear EEG data to detect artifacts.,” in 2079 no. 3, Jan. 2022, doi: 10.3390/math10030349.

IEEE International Conference on Systems, Man and Cybernetics
(SMC), Oct. 2019, pp. 3631-3634. doi: 10.1109/SMC.2019.8914292.

[28] M. Mehdi et al., “Towards Mobile-Based Preprocessing Pipeline for
Electroencephalography (EEG) Analyses: The Case of Tinnitus,” in
Wireless Mobile Communication and Healthcare, Cham, 2021, pp. 67—
86. doi: 10.1007/978-3-030-70569-5_5.

[29] N. Bigdely-Shamlo, T. Mullen, C. Kothe, K.-M. Su, and K. A. Robbins,
“The PREP pipeline: standardized preprocessing for large-scale EEG
analysis,” Frontiers in Neuroinformatics, vol. 9, p. 16, 2015, doi:
10.3389/fninf.2015.00016.

[30] I. Choi, S. Rajaram, L. Varghese, and B. Shinn-Cunningham,
“Quantifying attentional modulation of auditory-evoked cortical
responses from single-trial electroencephalography,” Frontiers in
Human  Neuroscience, vol. 7, p. 115, 2013, doi:
10.3389/fnhum.2013.00115.

[31] F. Saki, A. Sehgal, 1. Panahi, and N. Kehtarnavaz, “Smartphone-based
real-time classification of noise signals using subband features and
random forest classifier,” in 2016 IEEE International Conference on
Acoustics, Speech and Signal Processing (ICASSP), Mar. 2016, pp.
2204-2208. doi: 10.1109/ICASSP.2016.7472068.

[32] A. Sehgal and N. Kehtarnavaz, “A Convolutional Neural Network
Smartphone App for Real-Time Voice Activity Detection,” [EEE
Access, vol. 6, pp- 9017-9026, 2018, doi:
10.1109/ACCESS.2018.2800728.

[33] S. Majumder, Y. Elloumi, M. Akil, R. Kachouri, and N. Kehtarnavaz,
“A deep learning-based smartphone app for real-time detection of five
stages of diabetic retinopathy,” in Real-Time Image Processing and
Deep Learning 2020, Apr. 2020, vol. 11401, p. 1140106. doi:
10.1117/12.2557554.

[34] X. Qu, Q. Mei, P. Liu, and T. Hickey, “Using EEG to Distinguish
Between Writing and Typing for the Same Cognitive Task,” in Brain
Function Assessment in Learning, Cham, 2020, pp. 66-74. doi:
10.1007/978-3-030-60735-7_7.

[35] N. Hollenstein et al., “Decoding EEG Brain Activity for Multi-Modal
Natural Language Processing,” Frontiers in Human Neuroscience, vol.
15, p. 378, 2021, doi: 10.3389/fnhum.2021.659410.

[36] Z. Sun, H. Yu, X. Song, R. Liu, Y. Yang, and D. Zhou, “MobileBERT:
a Compact Task-Agnostic BERT for Resource-Limited Devices,”
arXiv:2004.02984 [cs], Apr. 2020, Accessed: Sep. 14, 2021. [Online].
Available: http://arxiv.org/abs/2004.02984.

[37] J. Minguillon, M. A. Lopez-Gordo, and F. Pelayo, “Trends in EEG-BCI
for daily-life: Requirements for artifact removal,” Biomedical Signal
Processing and Control, vol. 31, pp. 407-418, Jan. 2017, doi:
10.1016/j.bspc.2016.09.005.

[38] C. A. Webb, C. M. Swords, L. Murray, and L. M. Hilt, “App-Based
Mindfulness Training for Adolescent Rumination: Predictors of
Immediate and Cumulative Benefit,” Mindfulness, vol. 12, no. 10, pp.
2498-2509, Oct. 2021, doi: 10.1007/512671-021-01719-0.

[39] M. F. Norwood, A. Lakhani, A. Maujean, H. Zeeman, O. Creux, and E.
Kendall, “Brain activity, underlying mood and the environment: A
systematic review,” Journal of Environmental Psychology, vol. 65, p.
101321, Oct. 2019, doi: 10.1016/j.jenvp.2019.101321.

[40] C. Cestonaro, L. Menozzi, and C. Terranova, “Infants of Mothers with
Cocaine Use: Review of Clinical and Medico-Legal Aspects,”
Children, vol. 9, no. 1, Art. no. 1, Jan. 2022, doi:
10.3390/children9010067.

[41] T. Araujo, J. P. Teixeira, and P. M. Rodrigues, “Smart-Data-Driven
System for Alzheimer Disease Detection through
Electroencephalographic Signals,” Bioengineering, vol. 9, no. 4, Art.
no. 4, Apr. 2022, doi: 10.3390/bioengineering9040141.

[42] D. Rozgonjuk, C. Montag, and J. D. Elhai, “Smartphone Addiction,” in
Behavioral Addictions: Conceptual, Clinical, Assessment, and
Treatment Approaches, H. M. Pontes, Ed. Cham: Springer International
Publishing, 2022, pp. 97-117. doi: 10.1007/978-3-031-04772-5_4.

[43] R. West, C. Ash, A. Dapore, B. Kirby, K. Malley, and S. Zhu,
“Problematic smartphone use: The role of reward processing,
depressive symptoms and self-control,” Addictive Behaviors, 2021,
122, 107015. doi: 10.1016/j.addbeh.2021.107015.

375

Authorized licensed use limited to: INDIAN INSTITUTE OF TECHNOLOGY GUWAHATI. Downloaded on April 28,2023 at 10:18:47 UTC from IEEE Xplore. Restrictions apply.



