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Company History

• UCSD spin-off, founded in 2011


• Funded by DARPA, NASA, NSF, Air Force, Navy, Army and the NIH


• 9000 sq. ft. R&D office in San Diego


• Main product line of high-end research EEG systems range from 2 to 
128 channels


• 60% of business serving high-end academic and commercial 
neuroscience research


• 30% of business serving “pre-clinical” practitioners


• 10% licensing technology and OEM manufacturing


• Multiple issued patents covering sensors, mechanics and electronics 
related to mobile EEG



Enabling Real-world EEG

DARPA Phase II SBIR 
BrainFlight with JHU APL

Team Neurodynamics 
@ JUMP



Accessories

8/20/32 Channel
Self-donning Dry Headset 

20/8 Channel
Self-donning Dry Headset 

30 Channel
Wearable Active Wet 

64/128-Channel

Dev-Kit Quick-20 Quick-30 Mobile-128



Dry Electrode Applications
H. Wang et al.: Driving Fatigue Classification Based on Fusion Entropy Analysis Combining EOG and EEG

Several research groups try to detect and quantify mental
fatigue from themeasurement of physiology variables such as
electroencephalogram (EEG), electrooculogram (EOG), and
electromyogram (EMG) [7]–[11]. Compared with machine
vision based measures [12], [13], neurophysiology-based
measures [14], [15] can provide an objective characterization
of the state of the driver [16]. Among the numerous physi-
ological indicators available to estimate the driver’s fatigue
level, the EEG signal has been proven to do a good job of
mental state indicator [17]. Eoh et al. developed an algorithm
based on the changes of in the major EEG bands includ-
ing �, ↵, �, ✓ to detect fatigue [18]. The performance of
ratios of �, ✓ , ↵ and � activities interesting features to be
detected with changes in the drowsiness level. Thus, four
parameters ✓ /�, ↵/�, (↵ + ✓)/� and (↵ + ✓ )/(↵ + �) are
used to fatigue prediction [19]. Nikita Gurudath et al. used
a wavelet transform to extract sub-bands and calculated the
mean, median, variance, standard deviation as features for
drowsy driving detection [20]. Faramarz et al. only used the
changes of↵ power formental fatigue detection [21]. Entropy
has also been applied to measure the changing complexity of
electrophysiological signals [22], [23]. Zhang et al. realized
an automated detection of driver fatigue system based on
entropy and complexity measures [24]. Hassan and Bhuiyan
carried out a series of research work about the identification
of sleep states from EEG [25]–[32]. In our previous study,
we proposed an integrated metric combined by averaging the
powers spectrum density of (✓ + ↵)/� and ✓ /� to predict
the driving fatigue. Furthermore, sample entropy was also
applied to online driving fatigue detection [33].

EOG is another type of electrical signal generated by the
eye movement and can be measured by the skin around the
eyes. Themagnitude of EOG varies according to the displace-
ment of the eye ball from its resting location [34]. The EOG
signals contain rich information, which can reflect the level
of drowsiness directly [35], [36]. Bulling et al. found that
the EOG signal caused by the movements of eyes is a good
indicator of mental activities [37]. Zhang et al., Zheng and Lu
proposed different electrode placements on the forehead and
extracted various eye movement features (EOG) for fatigue
detection [38], [39].

Multi-modal system combing different kinds of signals has
become a new trend of system design, the advantage is it
can not only help to promote the robust of the system but
also improve recognition accuracy [40]–[42]. In fact, several
literatures have indicated that signals from different medals
can reflect different aspects of mental states [39], [43]. As we
are known, EEG is usually used to represent internal cognitive
states, while EOG is commonly applied to reflect the external
subconscious behaviors. The purpose of this paper is to fully
excavate the complementary information provided by these
two modalities and further to construct a more robust and
accurate driving fatigue classification system by integrating
EEG and EOG.

The remainder of this paper is organized as follows:
Section II provides the paradigm of system and data

FIGURE 1. The simulated driving system used for the implementation of
the proposed protocol.

FIGURE 2. (A) The blue pair dots (1 and 2) and (3 and 4) indicate the
electrodes placements for vertical and horizontal EOG collection
respectively. (B) The names and positions of twenty-four dry EEG
electrodes.

acquisition. Section III provides methodology including
signal preprocessing, feature extraction and classification.
Experimental results are presented in Section V. Further
discussions are presented in Section VI. The conclusion is
presented in Section VII.

II. PARADIGM OF SYSTEM AND DATA ACQUISITION
As shown in Fig.1, the virtual reality simulated driving envi-
ronment mainly consists of a simulated driving system and
a wireless dry EEG acquisition system (Cognionics head-
set HD-72). In order to provide a more realistic sense of
driving, the simulated driving system equipped with three
65 inches LCD screens, a Logitech G27 Racing Wheel simu-
lator (a driving wheel, three pedals, and a six-speed gearbox)
and a host computer which provides a driving environment.
Twenty-four dry sensors integrated into the Cognionics head-
set are used to collect electroencephalogram from the sub-
ject’s scalp and then the EEG signals are transferred wireless
by a Bluetooth module transmitter. A host laptop (Toshiba
Intel(R)Core(TM)i5-6200U Duo 2.4 GHz) is used to collect
the EEG signals by a Bluetooth receiver for further processing
and run a Cognionics software.

During signal collection, the EEG signals are referenced
to both right and left mastoids, while EOG signals are ref-
erenced to the right ear. As shown in Fig.2 (A), the ver-
tical and horizontal EOG are recorded by ECG Electrodes
(Skintact products). In Fig.2(B), twenty-four standard dry
electrodes are employed, which are placed at electrode sites
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left seat, the certified flight instructor in the front right seat, and the

research engineer in the back right seat (Figure 1). Before each flight,

the participant was asked to make a flight plan to a specific aerodrome

and were told that we would be recording their brain activity by EEG

while they piloted the plane and carried out the audio detection task.

All flights originated and terminated at the Toulouse Lasbordes Aero-

drome. The audio experiment started during takeoff and would end

before or during landing. The experiment was approximately one hour

in duration. The instructor initiated various scenarios inflight to induce

high perceptual and cognitive loads based on the pilot’s ability. These

scenarios included the following:

1. Navigation to a diverted flight plan. Although the participants were

asked to make a flight plan before flight, the instructor would ask

them to navigate using charts to a grass airstrip (Aerodrome de Gail-

lac—Lisle-sur-Tarn) that was difficult to see from the air (Figure 2).

2. Simulated engine failure and landing at a grass airstrip. The instruc-

tor would simulate the engine failure by pulling the throttle to idle.

When approaching the Aerodrome de Gaillac, the instructor would

simulate the engine failure and the pilot would have to make the

approach and landing if deemed safe by instructor on the grass air-

strip. The pilot was not to engage the throttle until instructed to

do so.

3. Simulated engine failure and off-field emergency landing proce-

dures. The pilot was to determine a site to land the plane (usually

an open field such as a farm) and to make an approach under

engine off conditions. The instructor would tell the pilot when to

engage the throttle to abort the landing. This usually occurred

when it was obvious whether the landing could be made or not

given the conditions of the pilot selected landing site (distance to

trees or other obstructions such as power lines on approach).

4. Low-altitude circuit patterns. The participant would engage in a

series of touch-and-goes (landings and takeoffs) at Aerodrome de

Gaillac. The above ground level altitude of the circuit (from 500 to

FIGURE 1 Experimental equipment and setup. Top: DR-400 Robin
4 seat airplane used in the experiment. Bottom left: Button response
unit attached to the control stick. Used by the participant to identify
when an audio alarm was heard. Bottom right: The configuration of
individuals in the airplane consisted of the participant (pilot) in the
front left seat (shown here wearing the Cognionics HD-72 dry-wire-
less 64 channel EEG system), the certified flight instructor in the front
right seat, and the research engineer in the back right seat (experi-
mental computer shown on research engineer’s lap)

FIGURE 2 In-flight navigation to a grass airstrip. Top: Pilot
(shown here wearing the Cognionics HD-72 dry-wireless 64 chan-
nel EEG system) looking at aeronautical charts to navigate to an
airfield with a grass airstrip while simultaneously carrying out the
audio task of responding by button press to audio alarm stimuli.
Bottom: The grass airstrip (in the center of the image) can be quite
difficult to see from the air. One needs to find landmarks on the
aeronautical chart (e.g., a river) to help locate the grass airstrip
amongst all the other green fields

CALLAN ET AL. | 2599

the magnitude of the ITC values. None of these analyses resulted in

statistically significant correlation between head movement parameters

and ITC (p> .05 one-tailed corrected).

4 | DISCUSSION

This study identifies ITC in the theta and alpha frequency range as a neu-

ral signature of inattentional deafness (Figure 4). This was accomplished

for the first time in a real-world setting (in flight while piloting an airplane)

in which the critical nature of the workload associated with the task is

real rather than just simulated. This finding is of great general importance

in that it identifies one potential mechanism by which attention functions

in the brain (modulation of neural oscillation) that is relevant in the real

world and not just in the isolated conditions of a laboratory.

Oscillatory coherence is thought to enhance neuronal communi-

cation both within neuronal groups in localized brain regions and

between neuronal groups in different brain regions (Fries, 2005). With

regards to attention modulated phase concentrations that occur after

stimulus onset as a result of phase resetting and/or induction of new

oscillations, they are thought to be involved with facilitating gating of

sensory information as well as binding of stimulus features to promote

perception (Clayton, Yeung, & Kadosh, 2015; Ponjavic-Conte et al.,

2013; Womelsdorf & Fries, 2007). The increase in phase coherence

could work to enhance the relative gain or effectiveness of incoming

sensory signals as well as signals communicating across distant cortical

regions by reducing temporal jitter (Hillyard & Annllo-Vento, 1998;

Ponjavic-Conte et al., 2012, 2013; Voloh & Womelsdorf, 2016). In our

study, we find a reduction in theta and alpha band (6–14 Hz) ITC for

missed auditory alarms relative to ones that were heard from !120 to

230 ms after stimulus onset (Figure 4). Although source localization

was not possible in this study, as a result of the loss of many channels

during the inflight recording, the timing of the evoked response is con-

sistent with networks involving auditory processing regions in the supe-

rior temporal gyrus (Hall et al., 1992; Neelon et al., 2006; Verkindt

et al., 1995).

Our finding of a decrease in ITC as one potential mechanism

responsible for inattentional deafness is consistent with laboratory

based studies of auditory distraction (Ponjavic-Conte et al., 2012,

2013). In their studies, Ponjavic-Conte et al. (2012, 2013) suggested

that distraction may be the result of an increase in the temporal jitter

(‘Distraction Decoherence’) that disrupts theta and low alpha band

oscillatory coherence in neuronal groups that is a key component for

perception. The main task in these studies was to listen for an auditory

target within varying degrees of auditory distraction. Our study differs

from theirs in many substantial ways. The primary task for the partici-

pant in our experiment involves visual, motor, and cognitive processing

related to piloting the aircraft, while the secondary task involves identi-

fying the presence of auditory alarms. Our experiment is therefore bet-

ter identified as a multitasking paradigm, in which the primary task

(visual motor control of piloting the airplane) is continuous in nature

(varying with the degree of workload depending on the conditions of

flight), and the secondary task of identifying the audio alarms is discrete

in nature.

Within the context of inattentional deafness, which is the lack of

awareness of an auditory alarm, it is maintained that under high load

conditions or those requiring focused attention to the primary task,

that attentional modulation of secondary tasks is attenuated or perhaps

even the networks involved with the secondary tasks are selectively

inhibited (Durantin et al., 2017). This is consistent with decreased N1

ERP amplitude found under high workload conditions in response to

auditory stimuli (Molloy et al., 2015; Scannella et al., 2013). We show a

similar decrease in N1 amplitude for misses relative to hits in this study

(Figure 3). The decrease in ITC for missed alarms (Figure 4) found in

this study is consistent with two hypotheses: (a) The attentional mech-

anisms responsible for increases in oscillatory phase concentration in

theta and low alpha band frequencies responsible for enhanced stimu-

lus based perception are reduced for missed alarms relative to those

that are heard (reduction in facilitation of phase coherence). (b) There is

an inhibition/disruption of the mechanisms involved in allowing for

FIGURE 3 Average event-related potentials for hits and misses
across all participants for (a) independent component IC activations
and (b) electrode channel Cz. Bootstrap statistical analyses were
conducted. Region of interest (N1 from 70 to 110 ms; T2 from 150
to 190 ms) corrected false discovery rate FDR thresholds for the
difference between hits and misses are denoted by magenta aster-
isks * and uncorrected thresholds are denoted by black asterisks*
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Challenges in ‘Out of Laboratory’ Environments

Noise and artifacts are a major issues with EEG recordings 

Solutions?



Wet EEG Electrodes

Lower layers of the skin

Gel/Glue
Stratum Corenum Stratum Corenum

Metal

EEG Amp

Low impedance contact 
~5 - 30 kΩ 

High immunity to interference 
and noise

Gel buffers 
movements and 
permeates hair

Standard gel electrode



Dry EEG Electrodes

Lower layers of the skin

Stratum Corenum

Metal

EEG Amp

Electrical interference

High impedance contact 
~100 - 2,000 kΩ 

Cable movements

Hair obstructs 
electrode

Small movements cause 
contact loss

Dry electrodes: 
‣No gel to lower skin impedance 
‣No gel to go through hair 
‣No adhesive to affix electrode 
‣No skin abrasion to improve contact 
‣Orders of magnitude higher impedance 

High susceptibility to noise: 
‣Movement 
‣Electrical 
‣Electrochemical



Key Components of a Dry System

Sensors 
‣Go through hair 
‣Electrochemical compatibility 
‣Remain comfortable 
‣Durable/long-life

Mechanics 
‣Conform to head shapes 
‣Control sensor pressure 
‣Remain comfortable 
‣Stable and motion resistant
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Electronics 
‣Low-power 
‣Minimize size 
‣Reject electrical noise 
‣May be the easy part :-)



Sensor Design

Evoked Potentials

Raw EEG

Conductive 
Base

Ag/AgCl 
Tips

Goal: Slide through hair to contact scalp with minimal discomfort

First Generation:
Gold plated pins

Second Generation:
Conductive Plastic/Polymer



2019

Headset Design: The Most Difficult Challenge

Ball et al. “A comparison between Chinese and Caucasian head 
shapes.” Applied Ergonomics 2010. Fig. 5

Chinese Caucasian

Huge variation in head shape across: 
age, sex and race

2013 2015 2017

Goal: single headset that conforms 
~51cm - 62cm across head size and 

hair density variations



Headset Mechanics: “Zero” Adjustment Design
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The environment is full of electrical noise 
‣Electronic equipment 
‣Power lines 
‣Other people 

Without adequate shielding, an electrode 
may pick up the several orders of 
magnitude larger external interference 
rather than the microvolt EEG. 

Notch filtering can only remove rhythmic 
power line noise and at the cost of signal 
distortion. They only mask, not solve, the 
problem. 

Cognionics headsets use active shielding 
to block out external noise before 
they reach the EEG sensor.

Conductive 
Sensor Pod

External 
Electrical 

Interference

Electrical Design: Active Electrode Pods

50Ω 
buffered 
output

Shield 
Amplifier

100kΩ - 
1,000MΩ dry 

electrode



Active Ground Output

EEG Acquisition Settings 
Device: Cognionics Quick-20 

Resolution: 24-bits 
Sampling Rate: 1000 samples/sec 

Display: Raw 0.5-100 Hz 
Notch: None 

Mode: High-speed Wireless

Electrical Artifact Resilience Demonstration



Rejecting External Electric Fields

EEG Acquisition Settings 
Device: Cognionics Quick-20 

Resolution: 24-bits 
Sampling Rate: 1000 samples/sec 

Display: Raw 0.5-100 Hz 
Notch: None 

Mode: High-speed Wireless

Active Ground Output



Cognionics Flex Dry 
Electrode

Ag/AgCl 
Electrode

Ag/AgCl 
Electrode

Quick-20 
Headset

Compare dry versus average of two wet electrodes to 
minimize effect of spatial displacement

Signal quality testing for dry systems is difficult: 
‣Bench tests do not simulate effect of skin and hair 
‣Data sheet specs do not necessarily reflect performance 
‣High subject-to-subject and environmental variability 

Test protocol: 
‣Test on multiple subjects to capture real-world effects while  
minimizing effects of experimental variability 
‣Record simultaneous signals from dry electrode with “gold 
standard” wet electrodes 
‣Current protocol examines 10 second raw EEG and 
evoked potential (50 odd trials, 150 normal trials) 
‣Repeat experiment by swapping dry electrode under test 
with wet for control data 
‣Open ended problem, suggestions welcome :)

Signal Quality Test: Wet vs. Dry



Signal Quality Test: EEG Results
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EEG Acquisition Settings 
Device: Cognionics Quick-20 
Resolution: 24-bits, 1,000 sps 
Bandwidth: Raw 0.4-100 Hz
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Signal Quality Test: ERP Results



r  - Dry r  - Wet r  - Dry r  - Wet r  - Dry r  - Wet
S1 0.9 0.95 0.99 0.99 0.98 0.99
S2 0.96 0.98 0.93 0.96 0.95 0.98
S3 0.95 0.97 0.97 0.99 0.96 0.98
S4 0.97 0.99 0.97 0.98 0.94 0.99
S5 0.93 0.98 0.93 0.98 0.95 0.97
S6 0.97 0.99 0.97 0.98 0.94 0.97
Mean 0.95 0.98 0.96 0.98 0.95 0.98

Raw EEG AEP Normal AEP Oddball

Table I - Wet/Dry and Wet/Wet Correlation Results

Signal Quality Test: Correlation
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