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Design Principles and Dynamic Front End
Reconﬁguration for Low Noise EEG
Acquisition With Finger Based Dry Electrodes
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Abstract—Dry electrodes are a convenient alternative to wet
electrodes for electroencephalography (EEG) acquisition systems.
Dry electrodes are subject to a higher amount of noise at the
electrode scalp interface and these effects can be worsened due
to non-ideal design or improper placement on the head. In this
work, we investigate a popular dry electrode design based on a
number of resistive ‘ﬁnger’ shaped contacts. We conduct experiments comparing designs with varying numbers of ﬁngers using
two impedance measurement methods and show that sparser
arrangements of ﬁngers are more robust to varying use cases
and are more effective at penetrating through hair on the scalp.
We then show that these impedance measurement metrics could
be used to sort individual ﬁngers within one electrode according
to quality of electrical contact. We show that the signals from
individual ﬁngers can differ from each other signiﬁcantly due to
differing local effects of impedance and noise, and demonstrate
through experimental results that dynamically selecting only a
subset of ﬁngers with good contact impedance can improve the
overall signal-to-noise ratio of the EEG signal from that electrode.
Index Terms—Dry contact electroencephalography (EEG), skin
electrode noise.

I. INTRODUCTION
RAIN COMPUTER INTERFACE (BCI) provides an excellent non-muscular avenue for a user to interface with an
external device. A good BCI infers the user’s intentions by interpreting the measured brain signals, perhaps elicited as a result
of a speciﬁcally designed paradigm, and performs the required
action or actuation. This method of communication and control
would be a very valuable asset in improving the quality of life
of otherwise physically disabled individuals such as patients diagnosed with amyotrophic lateral sclerosis (ALS) or other paralyzing conditions [1].
A common technique on which BCIs are based is the capturing of electroencephalographic (EEG) activity through the

B

Manuscript received January 14, 2015; revised May 22, 2015 and August
02, 2015; accepted August 16, 2015. Date of publication October 08, 2015;
date of current version November 24, 2015. This work was supported in part
by the Semiconductor Research Corporation, task #1836.103 through the Texas
Analog Center of Excellence (TxACE). Any opinions, ﬁndings, conclusions,
or recommendations expressed in this material are those of the authors and do
not necessarily reﬂect the views of the funding organizations. This paper was
recommended by Associate Editor W.-C. Fang.
The authors are with the Center for Remote Health-Care Technologies and
Systems, Texas A&M University, College Station, TX 77843 USA (e-mail:
viswamnathan@tamu.edu; rjafari@tamu.edu).
Color versions of one or more of the ﬁgures in this paper are available online
at http://ieeexplore.ieee.org.
Digital Object Identiﬁer 10.1109/TBCAS.2015.2471080

Fig. 1. Finger based dry electrodes. Images taken from left to right [4]–[6].

use of conducting electrodes placed on the scalp. To meet the requirements of a wearable BCI system for long term monitoring,
the electrodes need to be designed such that they are convenient
to use, consistently maintain sufﬁcient quality of contact and are
less susceptible to noise sources that would interfere with clean
EEG signal acquisition.
Wet or gel-based electrodes still represent the standard for
medical grade EEG equipment [2]. Several noise sources associated with EEG acquisition have been linked to high impedance
contact and so the gel solution in wet electrodes helps to create a
suitably low impedance interface with the scalp. The signal-tonoise ratio (SNR) is consequently excellent for wet electrodes.
However most wet electrode based systems require long preparation times and regular reapplication of the gel is needed to
prevent the contact interface from drying out after long time
periods. Wet electrode systems also sometimes require scalp
abrasion to improve contact, causing scalp irritation and posing
an infection risk. For all these reasons wet electrodes are not
typically considered a convenient, viable option for a wearable
system capable of long term EEG monitoring and BCI use [3].
Dry contact electrodes on the other hand, are generally easy
for the user to put on autonomously, require no special preparation and are suitable for continuous long term use without signiﬁcant degradation of contact quality. However the obvious
drawback compared to wet electrodes is the relatively signiﬁcant increase in noise pickup.
A typical design for dry electrodes is a number of conductive
ﬁngers, arranged in a circle, that are meant to penetrate through
the hair and make a resistive contact with the scalp [4]–[6]. Examples of such electrodes are shown in Fig. 1. The plurality of
ﬁngers is primarily for stability and redundancy of contact. Ultimately all the ﬁngers are shorted together to give one channel
of EEG per electrode.
To our knowledge, there has been no previous systematic
study looking into the trade-offs involved in choosing the
number of ﬁngers in a given design. The ﬁrst part of the study
described in this article provides experimental results that shed
light on which designs are more robust and effective, and in

1932-4545 © 2015 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

632

IEEE TRANSACTIONS ON BIOMEDICAL CIRCUITS AND SYSTEMS, VOL. 9, NO. 5, OCTOBER 2015

doing so also presents a methodology for comparing different
designs of dry electrodes in general.
There has also been no previous study analyzing the signals
from each individual ﬁnger and the dynamics of the mixed
signal obtained when all the ﬁngers are shorted together. It is
reasonable to expect that the different ﬁngers on one electrode
have different contact qualities for reasons such as skewed
placement of the electrode or the interference of hair or sweat
causing local effects on only some ﬁngers. One question that
follows is whether these local noise effects on a subset of
ﬁngers can adversely affect the overall EEG signal acquired
from the combination of all ﬁngers. If this is indeed the case, a
natural follow-up question would be whether excluding these
‘bad contact’ ﬁngers from the circuit improves the SNR of EEG
acquisition. In order to investigate this we built two designs
of electrodes for this second part of the study: an Individual
Finger Channel (IFC) electrode to study and compare the signals picked up by individual ﬁngers; and a Multiplexer (MUX)
electrode that can disconnect any given ﬁnger from the overall
signal path.
This article aims to grant a deeper insight into the electrode
skin interface noise for dry electrodes, provide guidance for
the improvement of existing ﬁnger-based electrode designs and
propose a novel extension to the design that enables dynamic reconﬁguration of the ﬁngers to continually strive for better contact under varying scalp conditions and use cases.

Fig. 2. Electrode skin circuit model (image taken from [7]).

II. RELATED WORKS
The ﬁnger based dry electrode design itself has been presented in a few previous studies. In fact, the part used for the
ﬁngers and the active electrode design for this work were borrowed from [6]. In most of these works, a given dry electrode
design is either independently measured for noise performance
or is compared to a wet electrode in order to validate its performance. By contrast, in this work we compare different versions
of ﬁnger-based dry electrodes to each other and attempt to draw
some conclusions to aid design decisions. This approach was
initially presented in our previous work [7] and is discussed further here. In addition, the analysis of individual ﬁnger contacts
and the idea of selecting a subset of ﬁngers have not been explored before by others; however the impedance measurement
technique [8] and the assumptions about the associated noise at
the electrode-skin interface [2], [9] are gleaned from previous
studies. This idea of ﬁnger selection was also previously explored by us in [10] and it is supported and discussed more comprehensively in this article.
III. BACKGROUND
There are many sources of noise that affect EEG acquisition:
motion artifacts, 50/60 Hz interference, capacitive interference, the half-cell effect and others [2], [9]. In this study, the
electrodes are designed to be buffered and shielded to mitigate
external interference, and motion artifacts are beyond the scope
of this work. We are however concerned with noise sources
that affect the electrode scalp interface and it has been shown
that the effect of these noise sources is exacerbated by high
impedance contact. The half-cell effect, for example, happens
when the metal of the electrode comes into contact with an

Fig. 3. Scalp impedance circuit with signal and reference electrodes (image
taken from [7]).

electrolyte such as salt and sweat on the skin, causing an
exchange of ions and the development of a potential difference
directly proportional to the impedance of contact. Even for
external interference, lower impedances of electrodes usually
means better impedance matching and hence better rejection
of common mode interferences such as 50/60 Hz noise. Therefore, scalp electrode impedance can be used to compare the
effectiveness of different electrodes as well as different ﬁngers
on one electrode. Fig. 2 shows the details of the impedances
involved in the contact with the scalp [2], [5].
denotes the electrode scalp impedance due to the contact of the ﬁngers.
denotes the impedance of the epidermis
layer of the skin, whereas
denotes the impedance of the inner
dermis layer. The overall impedance faced by the electrode is
given by the series combination
(1)
The type of ﬁnger used and the overall size of the electrodes
remains the same in the electrodes studied in this work; hence
we hypothesize that any major differences in the performances
across electrode types will be due to the effect of high resistance
contact with hair and electrode designs that avoid hair consistently, thus minimizing
, will perform better.
Fig. 3 shows the overall circuit model when two differential
electrodes are used to measure EEG on the scalp.
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Fig. 4. (a) Circle 20: Outer ring of 16 ﬁngers and an inner ring of 4 ﬁngers. (b) Circle 17: Outer ring of 16 ﬁngers and one ﬁnger at center. (c) Spread12: Outer
ring of 8 ﬁngers and an inner ring of 4 ﬁngers. (d) Center 9: Outer ring of 8 ﬁngers and one ﬁnger at center. (e) Default 8: Outer ring of 8 ﬁngers. (f) g.Sahara: Dry
electrode by g.tec [14] (image taken from [7]).

The positive or ‘signal’ electrode measures
with respect
to ground, whereas the negative or ‘reference’ electrode measures
with respect to ground. If
denotes the overall
impedance between the two electrodes, we have
(2)
gives the impedance faced by the
The ﬁrst term
signal electrode, which is the same as
in (1). Similarly,
refers to the impedance faced by the reference
electrode. In this work, the layout of the dry electrode used
as the signal electrode is varied, but the reference electrode is
always a wet adhesive patch. Consequently, in the model for
the reference electrode, instead of the ﬁnger impedance
we
have the impedance of the gel,
. So we can re-write (2) as
(3)
represents the impedance of the
The additional term
length of scalp between the two electrodes. Using an adhesive electrode for the reference is evidently not feasible for a
wearable EEG system, however for the purposes of comparing
different types of dry electrodes we did not want to introduce
the uncertainty of using a dry electrode for the reference as
well. We assume all impedances except
described in (3)
remain constant during all experiments. For the second part
of the study involving individual ﬁnger analysis and ﬁnger
selection, the model still applies but here
represents a
single ﬁnger or a subset of selected ﬁngers.
IV. HARDWARE DESCRIPTION
A. EEG Acquisition Board
We used a custom platform that uses the TI ADS1299 analog
front end for 8-channel EEG acquisition, an MSP430 microcontroller and Bluetooth for wireless data transmission. This platform has been veriﬁed for BCI tasks and more details can be
found in our previous works [11]–[13].
B. Traditional Finger Based Dry Electrodes
In this section, we provide brief physical descriptions of the
various electrodes used for the study looking into the effects
of varying the number of ﬁngers and their arrangement in the
traditional ﬁnger based dry electrode design.

Fig. 5. IFC electrode front and back (image taken from [10]).

Fig. 6. MUX Electrode front and back (image taken from [10]).

Fig. 4(a)–(e) shows the ﬁve different conﬁgurations, with the
number of ﬁngers ranging from 8 to 20, designed and evaluated
in this work. For all the electrode designs, the distance from the
center of the PCB to the outermost ring of ﬁngers is 0.72 cm,
so the span of scalp coverage is the same for all electrodes. We
used gold plated, spring loaded ﬁngers of height 0.45 cm and
diameter 0.11 cm at the point of contact.
We also included the g.SAHARA dry electrode by g.tec [14]
[Fig. 4(f)] in all our experiments just to ensure that the results
from our custom electrodes are comparable to that of a commercially available one. This electrode also has an outer ring of 8
ﬁngers similar to the ‘Default 8’ [(Fig. 4(e)].
C. Individual Finger Channel (IFC) Electrode
For the second part of the study looking into the local noise
effects for each individual ﬁnger contact of the electrode, we
built an electrode that isolated the signals from each ﬁnger into
separate channels. The electrode built for this purpose (Fig. 5)
has an overall PCB height of 3.76 cm, and consists of 8 ﬁngers
arranged and spaced in the exact same ‘Default 8’ conﬁguration
described earlier. However, the difference with this design is
that the signal from each ﬁnger is immediately buffered before
being sent through the cables into separate channels of the ADC
on the EEG board. Fig. 7(a) and (b) illustrate the difference between a traditional ﬁnger-based electrode and this custom IFC
electrode respectively.
Our hypothesis is that the overall signal from the traditional
electrode in Fig. 7(a) could be improved by rejecting the indi-
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Fig. 7. (a) Traditional ﬁnger electrode circuit. (b) IFC electrode circuit. (c) MUX electrode circuit (image taken from [10]).

vidual signals from one or more ﬁngers in the circuit if they are
picking up too much noise. Using an estimate of the impedance
on each ﬁnger, we can generate the mixed signal that would be
obtained from any combination of ﬁngers on the IFC electrode.
This can be used to test the hypothesis, and the methods to do
so are described in detail in Section V.C. It must be stressed that
this electrode is not meant to be a practical replacement for existing EEG electrodes, and is merely intended for exploratory
analysis looking into the difference between individual ﬁngers’
signals on one electrode.
D. Multiplexer (MUX) Electrode
In order to validate the analysis from the IFC electrode, we
also designed a MUX electrode that can actually switch between
using any combination of 8 ﬁngers using an 8:1 analog MUX.
Figs. 6 and 7(c) show images of the electrode and the circuit
schematic respectively. The overall PCB height is 3.3 cm, and
again the same Default 8 conﬁguration is used. As opposed to
the IFC electrode which was built purely for experimental study,
this MUX electrode can be considered a prototype to show the
functionality of ﬁnger selection added to a typical electrode design.
E. Wet Electrode
We used the commercial Arbo pre-gelled ECG electrode as
the reference electrode in all experiments in this work.
V. METHODS
Our working assumption throughout this study was that the
impedance of contact of the dry electrode ﬁnger on the scalp
is directly proportional to the amount of noise induced on the
acquired signal. Most noise sources at the scalp electrode interface, such as the half-cell effect, have been shown to be directly
proportional to the impedance of contact by previous studies [9].
Moreover, if the contact with the scalp is disrupted by hair, this
would result in a high impedance contact and poor pickup of
EEG. Hence, in this Section V, Subsections A and B describe
two different methods to estimate the impedance of contact.
These were used in the study evaluating the relative merits of

using different numbers of ﬁngers in the electrode design. These
techniques were then leveraged in the subsequent study looking
into individual ﬁnger analysis and the possibility of improving
the signal through ﬁnger selection as detailed in Subsections C
and D.
A. Impedance Excitation Response
To estimate scalp electrode impedance we can inject current
at the signal electrode, shown as
in Fig. 3. When this current is a sinusoid of known frequency , then the frequency
response of
at
is dominated by the voltage drop across
the overall impedance of the circuit due to the injected . The
power spectral peak of
at is termed the ‘impedance excitation response’, and is directly proportional to the impedance
faced by the constant current .
B. Common Mode Signal Injection
Another indirect measure of the scalp electrode contact
impedance is the common mode rejection ratio (CMRR) of the
circuit described in Fig. 3. CMRR is a measure of how well
the differential ampliﬁer can reject signals that are common to
both
and
. The output of the differential ampliﬁer can
be written as
(4)
Where
and
represent the differential gain and
common mode gain of the ampliﬁer, respectively. EEG signals
of interest are in the difference between the two measured signals given by the ﬁrst term
, and the common
mode between the two electrodes is given by the second term
and this is typically comprised of uniformly received sources
of noise or other undesirable signals.
In ideal situations this common mode is rejected by the ampliﬁer since
is very small. In the ADS1299 analog front
end used in this work for example, the ratio of
to
is at least 110 dB [15]. However, CMRR decreases when there
is an impedance mismatch between the two electrodes. For example, we consider the measurement of steady state visually
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evoked potentials (SSVEP), the brain’s response to being presented with a visual stimulus at a regular frequency. These potentials are strongest at the occipital region at the back of the
head [16] and so the signal electrodes are placed here while
the reference electrode is placed in a region with suitably lower
magnitude of SSVEP such as the right mastoid. EEG signals
appearing elsewhere on the scalp, in the frontal region for example, as well as muscle artifacts are assumed to be picked up
equally by both the signal and reference electrodes and become
a part of the common mode. If the signal electrode faces a different impedance than the reference electrode, then it measures
the ‘common’ signals differently too. This in turn means that the
frontal signals and the artifacts are no longer part of the common
mode and become part of the differential mode instead. Thus, in
the differential signals measured, the frontal signals and artifacts
will be mixed in with the desired occipital signals.
In our experiments, one of the two electrodes is always a wet
electrode with ‘ideal’ skin contact. This means that the relatively
poor contact of the dry signal electrode results in an impedance
mismatch with the reference electrode which in turn causes an
increase of the common mode at the ﬁnal output. In other words,
as the contact impedance of the dry electrode gets better, and
matches that of the ideal wet contact reference, the CMRR of the
circuit improves. In practice, it is not easy to measure CMRR
as the common noise entering the circuit at any given time is
not easily characterized. However, a signal with known characteristics intentionally added to the common mode can serve as
a common mode measurement trace. The CMRR can then be
readily estimated by measuring the amount of rejection of this
known signal at the output.
For bio-potential measurements, apart from the signal and
reference electrodes, a third bias electrode is also attached to
the body as part of an active driven right leg (DRL). This bias
is applied equally to both the electrodes and hence is also a part
of the common mode. In our design, shown in Fig. 3, we add an
AC square wave at a known frequency on top of this DC bias
which will serve as the CMRR measurement trace. Any mismatch in contact impedance between electrodes would result in
an increased presence of the square wave signal in the output.
The power of the known common mode square wave frequency
in
is thus directly proportional to the impedance faced by
the signal electrode. This method of contact impedance estimation was previously shown in [8].
C. Exhaustive IFC Electrode Combination Analysis
Since the IFC electrode acquired signals from each individual
ﬁnger independently and simultaneously, it afforded us the opportunity to uniformly compare the performances of all possible
combinations of ﬁngers for the same epoch of EEG. Exhaustively looking at all possible combinations is acceptable in this
case since this electrode is meant only for experimental analysis
ofﬂine and we wanted to ensure we could study the characteristics of the true optimum combination of ﬁngers.
In our experiments, a wet electrode was placed right next to
the IFC electrode to provide a ground truth signal. The noise on
the wet electrode was assumed to be negligible and it is considered an ideal electrode. This is not strictly true since any electrode will be subject to some amount of noise, but we can safely
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assume that the amount of noise on the wet electrode is much
lower than that on dry contacts and it is the best baseline available for EEG. Therefore, for each set of signals we have
(5)
Where indicates a given ﬁnger on the electrode,
is the root mean square (RMS) of the signals from Finger
is RMS of corresponding signals from wet electrode and
is the RMS noise magnitude for Finger
. In the traditional ﬁnger electrode, we can model the ﬁnger
contacts as impedances connected in parallel. Using the contact
quality measure, we can obtain the impedance , and consequently the admittance , for each ﬁnger. Then for any given
combination of ﬁngers, we can calculate the contribution of
each ﬁnger to the resulting parallel circuit. For example, for
Fingers 1, 2 and 3 in parallel, the contribution fraction of Finger
1 is given by
(6)
In truth, the impedance is composed of both a resistance and
capacitance so it would be frequency dependent; but we are only
interested in the low frequency region where the electrode-skin
interface noise, which is 1/f in nature, would dominate. Therefore, we can ignore the effect of the capacitance. Once we have
the contribution fractions of each ﬁnger in a given combination,
we can compute the overall RMS noise power for that ﬁnger
combination as

(7)
is the contribution of ﬁnger in the current comWhere
bination and
is the RMS noise magnitude of individual ﬁnger deﬁned earlier.
Similarly, we can also estimate the overall EEG signal, as
opposed to just the noise, by applying the same contribution
fraction on the signals from any combination of ﬁngers
(8)
Where
is the mixed EEG signal for ﬁnger combination
is the contribution of ﬁnger in the current combination and
is the EEG signal from Finger .
D. MUX Electrode Finger Selection
A key difference between the IFC electrode and the MUX
electrode is that different combinations of the MUX electrode
ﬁngers cannot be uniformly compared to each other due to the
time delay involved in switching between the different combinations. This is an issue because the EEG signals they are
measuring as well as the noise levels are non-stationary. So
an exhaustive comparison of all possible ﬁnger combinations
is not feasible. However, we found through IFC electrode experimental results, to be shown in Sections VII.D and E, that
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the peak of the power spectral density (PSD) estimate at that frequency was taken as the impedance excitation response in units
of mV /Hz. This in-band frequency is a constraint of the hardware being used; the current injection circuits are internal to the
ADS1299 chip and the frequency of current injection is ﬁxed to
be in-band.
(a)

(b)

Fig. 8. Impedance measurement at FT8 (a) without headband and (b) with
headband.

individual ﬁngers that exhibit poor impedance contact are likely
to be noisier as well. Therefore, at the start of every MUX electrode experiment we heuristically identiﬁed a few good and bad
ﬁngers, based on the contact quality measure, and deﬁned combinations that avoided the bad ﬁngers. This process is further
detailed in the experimental protocol of Section VI.E.
VI. EXPERIMENTAL SETUP
In this section we describe the objectives of the various experiments as well as the protocols. Subsection A aims to compare
the different electrode types using impedance measurements on
the scalp. Subsection B compares those same electrode types
with the performance in a BCI task as the criteria. Subsection C
repeats the impedance measurements of the electrodes on the
hairless forearm to contrast with the effects of hair on scalp. Finally, Subsections D and E describe the experimental protocols
for IFC and MUX electrodes, respectively.
A. Impedance Measurement on Scalp
We deﬁned three different use cases:
• No Adjust: The EEG cap is put on and no efforts are made
to adjust the contact of the electrode
• Adjust: After putting on the cap, the electrode is twisted
and pushed downwards in an effort to penetrate through
the hair and make good contact
• Headband: After making efforts to penetrate the electrode
through hair, we add a tight headband on top of the electrode to provide an additional downward push for better
contact.
The reasoning behind deﬁning these three use cases was to
determine whether certain electrode designs would exhibit more
robustness in the face of varying capping scenarios. The EEG
cap used was a commercial one which was a part of the g.SAHARA system by g.tec. An example of the setup for measurement at FT8 with and without the headband is shown in Fig. 8.
One trial of the experiment consisted of about 10 seconds of
current injection, with the impedance excitation response collected for each of the 10-second trials under each of the three
use cases deﬁned above. Three such trials were conducted for
each electrode type in both the temporal FT8 position and the
frontal AFZ position according to the 10–20 electrode placement system [17]. The cap was taken off and the hair was readjusted between trials to randomize the contact each time. The
impedance excitation response was collected on six human subjects, with varying amounts of hair across subjects. A 24 nA sinusoidal AC current at a frequency of 30.5 Hz was injected and

B. SSVEP SNR and CMRR Measurement
SSVEPs, introduced in Section V.B, are a well-known EEG
response used in BCI tasks. We wanted to see if certain electrode designs elicited better, i.e., higher SNR, SSVEPs on average due to better contact. One session consisted of 4 separate
trials of 10 seconds each with the subject ﬁxating on the target
ﬂashing LED (18 Hz frequency). Three such sessions were collected for each electrode type, with the cap taken off and put
back on between sessions to randomize the contact. The data
was collected for seven subjects in the ‘Headband’ case for the
best possible contact scenario. The signal electrode was placed
at the occipital location OZ, referenced to a wet electrode at the
right mastoid. Successfully captured SSVEPs would result in a
peak in the PSD of the EEG data at the target frequency. For
SSVEP, SNR was deﬁned as the ratio of the target frequency
PSD peak to the peaks in the nearby non-target frequencies. The
common mode square wave of 6 mV amplitude was added at
61 Hz throughout the tests and the PSD peak at this frequency
was noted as the common mode signal power measured in units
of
/Hz. Since the common mode injection is done by our
own custom circuit, the frequency of the signal is controllable
and is set to be out-of-band for measurements simultaneously
with EEG.
C. Impedance Measurement on Forearm
One of the major reasons we predicted for some electrode designs performing better than others was the ability to avoid hair.
In order to conﬁrm this effect, we designed a control experiment
by measuring the impedance excitation response for the various
electrode types with the signal electrode on the forearm in an
area with little to no hair for seven subjects.
D. IFC Electrode Experiments
Alpha rhythms are strong EEG waveforms with known characteristics observed when a subject closes his/her eyes [3]. In
contrast to SSVEP, this EEG response can be recorded on almost all parts of the scalp. This allowed us to use a wet electrode
as an ideal electrode placed on the forehead in a region with no
hair. The IFC electrode is placed right next to the wet electrode
in a region with hair. We can safely assume that the EEG alpha
signal will be almost identical between the two electrodes at this
distance [4], but at the same time the ﬁngers on the IFC electrode
will pick up varying amounts of noise due to high impedance
contact. We intentionally did not place electrodes at location OZ
like the previous SSVEP measurement setup because, as will be
conﬁrmed by the results of the impedance measurement experiments, high impedance contact with hair is one of the factors
in the increase of noise in the electrode. So we wanted to place
the wet electrode in a region without any hair to ensure a clean
gold standard signal, and also keep the IFC electrode in a region with hair for a more realistic, noisy and uneven contact
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TABLE I
AVERAGE IMPEDANCE EXCITATION RESPONSE AT FT8

among the different individual ﬁngers. Since we want the EEG
signals from these two electrodes to be largely the same, placing
them next to each other on the forehead in this way and relying
on alpha measurements was the only feasible option. Data was
collected from 5 subjects with two sessions per subject. Each
session involved 20 trials of about 10 seconds of eyes-closed
alpha, with the electrode randomly readjusted between sessions
to generate a larger variety of contacts to support the data set.
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TABLE II
AVERAGE IMPEDANCE EXCITATION RESPONSE AT AFZ

TABLE III
AVERAGE SSVEP SNR AND COMMON MODE POWER

E. MUX Electrode Experiments
The MUX electrode experiments were designed in a similar
manner to the IFC electrode experiment: 5 subjects performed
the alpha task with the MUX electrode placed on the forehead
close to a wet electrode for comparison. At the start of every
session, on the MUX electrode, one ﬁnger was switched on
while the rest of them were disconnected in order to measure
that ﬁnger’s contact impedance. The process was repeated in
turn for each ﬁnger until we had the contact impedance of every
individual ﬁnger. We then heuristically identiﬁed 4 or 5 ‘good’
ﬁngers, i.e., those ﬁngers that had a relatively low impedance of
contact, among the 8 available and then identiﬁed three combinations for each subject that involved only some subset of these
good ﬁngers. The objective was to see if any of these ‘good
combinations’ performed better than the default case of using
all eight ﬁngers. So the experiment involved alternating between
one trial of alpha for the good combination and one trial with the
‘all ﬁngers’ combination. There were 30 trials for each combination leading to a total of 90 trials for each subject. Over this
relatively large number of trials, we assume the better combination of ﬁngers would on average show better correlation with
the nearby wet electrode.

density electrodes (Default 8, Center 9, Spread 12 and g.SAHARA), the one-sided t-test showed a p-value
, thus
rejecting the null hypothesis that the lower density electrodes
show equal or higher impedance. This can be considered a statistically signiﬁcant result since there are more than 100 samples of impedance for each electrode type when the data from
all subjects and capping conditions is aggregated. It can also
be observed that the higher density conﬁgurations show exceptionally high impedance excitation responses for the ‘No Adjust’ case and these responses are drastically reduced for the
‘Headband’ case. Repeating the above one-sided t-test for only
the ‘Headband’ impedance data shows p-values as high as 0.22.
This shows that these high density electrode types depend on
effective preparation of scalp electrode contact by adjusting the
electrode to penetrate through the hair, after which they could
perform similarly to the low-density ones. Conversely, the low
density conﬁgurations do not show as much variance between
the ‘No Adjust’ and ‘Headband’ cases which indicates that they
are more robust in the face of varying capping conditions.
B. SSVEP SNR and CMRR

VII. DISCUSSION OF RESULTS
A. Scalp Impedance Measurement
Tables I and II show the average impedance excitation
responses (deﬁned in Section V.A) for the different electrode
types at the FT8 and AFZ scalp locations respectively. The
data is ordered according to the three use cases: ‘No Adjust’,
‘Adjust’ and ‘Headband’ deﬁned in Section VI.A. For both the
scalp locations, the electrodes with lower density of ﬁngers
show better impedances in all use cases.
When comparing the high density electrodes’ (Circle 17 and
Circle 20) impedance samples with those of the remaining low

Table III shows the average SSVEP SNR values (deﬁned in
Section VI.B) across all trials for seven subjects using the different electrode types as well as their respective common mode
signal powers (deﬁned in Section V.B).
In most cases the SSVEP SNR of each electrode type is
strongly correlated with its corresponding common mode
signal power. As noted before, the SSVEP experiments were all
conducted under ideal ‘Headband’ conditions, so the disparity
in contact impedance between high and low density electrodes
is not too large. The Circle 17 common mode power is suitably
low due to this preparation, but the Circle 20 continues to have
relatively poorer contact and this in turn adversely affects its
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Fig. 9. Log scale plot of power spectrum from each of the ﬁngers of IFC electrode and wet electrode (image taken from [10]).
TABLE IV
AVERAGE IMPEDANCE EXCITATION RESPONSE ON FOREARM

SSVEP SNR. The data in general validates the assumption that
EEG task performance is inextricably linked to the contact
quality, and an electrode is unlikely to show a high performance with poor impedance contact. There was a negative
correlation of
between average SNR of SSVEP and
the corresponding common signal power. We also noted a
signiﬁcant performance difference between the Default 8 and
g.SAHARA conﬁgurations despite their similar structure. The
probable reason for this is the increased height and thickness
of the ﬁngers on the commercial g.SAHARA compared to our
designs.
C. Forearm Impedance Measurement
Table IV shows the average impedance excitation response
collected for each of the different electrode types as they were
placed on the forearm of the seven subjects in an area with no
hair. The results support the hypothesis that high density conﬁgurations suffer in performance primarily due to the effect of
hair. Circle 17 and Circle 20 show a marked improvement in
impedance compared to the other types.
D. Individual Finger Analysis
In order to test the hypothesis that selecting a subset of ﬁngers
on a given electrode could improve the overall signal, we ﬁrst
attempted to show that the signals obtained from each individual
ﬁnger could indeed be signiﬁcantly different. We plotted the
power spectrum of the signals from each of the ﬁngers on the
IFC electrode placed on the scalp as well as the signals from
a wet electrode placed nearby for comparison. An illustrative

case for one session of alpha on Human Subject 1 is shown in
Fig. 9. Only 7 ﬁngers of the IFC electrode were used since the
8th channel of the EEG acquisition board was reserved for the
clean signals from the wet electrode.
Evidently there are signiﬁcant differences in the frequency
spectrum, with at least four ﬁngers—Fingers 2, 3, 4 and
5—showing signiﬁcantly higher noise levels compared to the
others. The wet electrode has the least amount of noise and
hence the lowest power as well. The peak at approximately
10 Hz corresponds to the EEG response in the state of alpha.
Among the three ‘good’ ﬁngers—Fingers 6, 7 and 8—the
frequency response is mostly overlapped with that of the wet
electrode in the higher frequencies, but there is a noticeable
separation in the lower frequencies. This conﬁrms that the
noise experienced by the dry electrode ﬁngers is 1/f in nature,
which agrees with previous ﬁndings on skin interface noise
[9]. Another observation is that the ﬁngers with higher noise
also showed worse contact quality. The example in Fig. 9
shows in the upper right corner the corresponding rankings
for the contact quality of the ﬁngers according to the common
mode based impedance measure described in Section V.B.
This conﬁrms that the noise is related to the impedance of the
contact and allowed us to use the common mode based contact
quality measure as the basis for ﬁnger selection.
E. IFC Electrode Experiments
On the IFC electrode, the mixed signals from all possible
combinations of ﬁngers were exhaustively generated using the
techniques described in Section V.C. The Noise RMS for each
of these combinations of ﬁngers was generated using (7). For all
subjects and sessions, there were always several combinations
better than the ‘all ﬁngers’ combination in terms of noise. The
top four combinations in terms of noise magnitude as well as
the combination corresponding to all ﬁngers, averaged across
all sessions and subjects are shown in Table V. Note that ‘Best
Combination #1’ refers to the averaged noise magnitude from
the very best combination from each session, but the identity
and number of ﬁngers that correspond to the best combination
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TABLE V
AVERAGE RMS NOISE MAGNITUDE FOR BEST FINGER COMBINATIONS
COMPARED WITH ‘ALL FINGERS’ COMBINATION
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TABLE VII
PERFORMANCE COMPARISON BETWEEN SELECTED MUX COMBINATIONS
VERSUS THE ‘ALL FINGERS’ COMBINATION FOR ALL FIVE SUBJECTS

TABLE VI
AVERAGE CORRELATION COEFFICIENT WITH WET ELECTRODE FOR BEST
FINGER COMBINATIONS COMPARED WITH ‘ALL FINGERS’ COMBINATION

varies for different subjects and sessions due to the varying contact of the electrode.
When comparing the averaged best combination on each subject to the corresponding RMS noise on the ‘all ﬁngers’ case,
the improvement is about 1.5 V. To put this in context, we can
assume the wet electrode signal to be ideal and hence the average RMS of this, 13.91 V, estimates the magnitude of the
true EEG signal. This means that in our experiments, the noise
from the ‘all ﬁnger’ conﬁguration constitutes 26% of the EEG
signal, and using the best combination of ﬁngers reduces this
noise level by about 40% on average. This is also a statistically
signiﬁcant trend, as proved by the fact that a one-sided paired
t-test between the noise from the best combination of ﬁngers
and the noise from the ‘all ﬁngers’ case showed a p-value
for 20 trials, thus invalidating the null hypothesis that choosing
fewer ﬁngers does not reduce the noise.
We also generated the overall signal from each of the combinations as described by (8). Signals from ﬁnger combinations
with lower noise are expected to correlate better with the clean
wet signal in the time domain. Again, for every session of data
there were a few combinations of ﬁngers that showed better correlation than the ‘all ﬁngers’ case. The averaged correlation coefﬁcients for the best four combinations of ﬁngers, as well as the
combination with all ﬁngers, across all subjects and sessions are
shown in Table VI. On average, the improvement in correlation
with the wet electrode for each session was about 12.6% when
using the best subset of ﬁngers.
F. MUX Electrode Experiments
With the MUX electrode, we can directly obtain signals from
different combinations of ﬁngers without the need for mixing
based on electrode impedances. For each of the ﬁve subjects,
at least one of the attempted combinations with fewer ﬁngers
showed better performance in terms of average correlation with
the wet electrode, as shown in Table VII. These were also statistically signiﬁcant performance improvements over the 15 trials

of each session, with p-values
in one-sided paired t-tests
with the correlation coefﬁcients of the nearest ‘all ﬁngers’ trials
for 4 of the 5 subjects studied. The corresponding p-value for
Subject 4 was 0.1 and a possible reason for this was that the
correlations with the wet electrode for this subject were relatively low for all trials and combinations.
However it must be noted that these combinations were found
somewhat heuristically. In order to more extensively validate
performance improvement on the MUX electrode we need to
ﬁrst overcome two challenges. Firstly, there is no a priori guarantee that the combination being selected for comparison is actually better than the ‘all ﬁngers’ scenario. In other words, we
are only looking at the contact qualities of the individual ﬁngers
relative to each other. There is no evidence yet to suggest a hard
limit on the impedance measure, above which a ﬁnger must be
considered to have a ‘bad contact’ and be excluded from any
good combination. In fact, even during the MUX electrode experiments of this work, it might well be the case that none of
the ‘good’ combinations we tried were the actual true optimum
combination. Exhaustively trying all possible combinations in
each new session is not an option; however a machine learning
approach that trains over an extensive data set of different combinations of ﬁngers and contact qualities may be a more feasible
approach to predict a good combination. The second challenge
is that the strength of the alpha response on a given subject may
ﬂuctuate during the course of one experiment. So the noise level
of two different conﬁgurations cannot be compared uniformly
if the desired signal level itself is changing dynamically. Apart
from these two immediate challenges, one long term practical
challenge is for the system to be adaptable to motion artifacts.
A long term wearable solution would involve the electrode contacts varying frequently as the user moves around and the reconﬁgurable system must be ready for this. Overcoming these
challenges and developing a real-time automatically reconﬁguring MUX electrode will constitute our future work.
VIII. CONCLUSION
In this article, we described a methodology to uniformly compare different designs of ﬁnger-based dry electrodes to each
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other and demonstrated with experimental results that designs
with a sparser arrangement of ﬁngers were able to penetrate
through hair better and were more robust to varying use cases.
We also showed that individual ﬁngers on an electrode can each
have vastly differing signals due to differing contact impedances, and in turn, the ones with a bad contact could be picking
up more local noise effects. We designed two custom electrodes
to come to these conclusions and showed through experimental
results that the overall signal from a given electrode can be improved by selecting only a subset of ﬁngers with a good contact
on the scalp.
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