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Wearable Device for Measuring EDA in
Constant Alternating Current

David Asiain Ansorena , Jesús Ponce de León Vázquez , and José Ramón Beltrán Blázquez

Abstract—This article introduces a novel wearable device,
the multisensor wearable wristband (MsW2), designed to
measure electrodermal activity (EDA) and skin temperature
using constant ac current instead of the usual constant
ac voltage measurement method. Adapted from a previous
headband model, MsW2 has been optimized for wrist-based
applications. Its efficacy was validated through experiments
with 25 participants, comparing its EDA measurements with
the Empatica E4 device. The results demonstrated high
coherence between the two systems. Additionally, a sim-
plified skin impedance model was proposed and validated,
providing a reliable means of analyzing EDA data. The wear-
able demonstrates significant potential for applications in
emotion detection, health monitoring, and more.

Index Terms— AC measurement, EDA measurement, electrodermal activity (EDA), wearable device.

I. INTRODUCTION

ELECTRODERMAL activity (EDA) involves all changes
in the electrical properties of the skin (impedance, con-

ductivity, skin potential, and capacitance, among others),
mainly due to the activity of the sweat glands [1]. In turn,
the sweat glands respond to internal and external stimuli, that
is, environmental conditions, different moods, and even the
presence of certain diseases or disorders [2]. Thus, EDA can
be used both for the direct measurement of the aforementioned
electrical parameters of the skin and for the indirect measure-
ment of the activity of the sympathetic system. This activity
can be affected by both physical activity and the individual’s
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emotional state, both of which generate different physiological
stimuli that alter the activity of the sweat glands [1].

The development of platforms for recording, monitoring,
and analyzing EDA signals has grown in recent years [3] and
is now a very active branch of sensor electronics. The range
of uses of captured EDA signals has expanded proportionally
to the diffusion of this technology, from the extraction of
health-related characteristics to the classification of emotions
or moods. More specific applications of EDA can include
diagnosis and monitoring of disease/disorder (autism [4],
psychiatric disorder [5], phobia [6], and depression [7],
among others), stress detection [8], remote healthcare [9],
human–machine interaction [10], rehabilitation processes [11],
monitoring of daily activity [12], and general emotion detec-
tion [13].

A. Wearable Devices
Wearable devices are intelligent electronic platforms, incor-

porated into clothing or worn on the body, generally in the
form of accessories (forehead bands, bracelets, patches, and
watches), which allow the collection of physiological data
from the user and, in general, a more or less detailed analysis
of these data, with fewer restrictions compared to traditional
laboratory devices [14]. Today, the use of wearable devices has
become widespread, as well as the signals that these devices
are capable of recording and analyzing.

The development of platforms for recording, monitoring,
and analyzing physiological signals has continued growing for
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more than a decade [15] and is now a very active branch of
sensor electronics [16]. The range of uses of captured physi-
ological signals has expanded proportionally to the spread of
this technology, from the extraction of health-related character-
istics to the classification of emotions or moods. More specific
applications of physiological signals may include, among
others, disease diagnosis [17], remote healthcare [18], [19],
human–machine interaction (e.g., to increase the autonomy
of people with disabilities) [12], rehabilitation processes [20],
stress detection [21], monitoring of daily activity [22], and
emotion detection [23].

Last but not least, the algorithms used for feature extraction
from physiological signals (and in particular, from EDA)
include heuristic algorithms based on traditional techniques
such as the wavelet transform [24], algorithms based on neural
networks [25], and deep learning systems [26], among others.

B. EDA Measurements
As mentioned in the previous section, EDA is regulated

by the sweat glands. In humans, the concentration of these
glands is different in different parts of the body [1]. For
example, they are especially concentrated on the fingers, palms
of the hands, and soles of the feet [27]. Shoulders, feet,
and fingers have similar EDA responses [28]. On the other
hand, there must be obvious physiological differences between
individuals, even depending on the gender of the subject [29].
All this makes the variability in the measurement of EDA
extremely high. There are no concrete measures of either the
mean level of EDA or the variability of the signal, all of
which depend on the individual and his physical and emotional
state.

The EDA signal has two main components [1]: the tonic
(or electrodermal level, EDL, or longer time courses) and the
phasic (or electrodermal response, EDR, the magnitude and
number of responses). EDA measurements can be performed
without electrical stimulation (endosomatic measurement) [30]
or with electrical stimulation (exosomatic measurement) [31].
In the first case, no external voltage source is applied, and the
electrodermal potential (measured in mV) is accessed. Endo-
somatic responses can be monophasic (positive or negative),
biphasic, and triphasic [3], so the measurement process and
its interpretation can be complicated. However, exosomatic
measurements are comparatively easier to obtain and analyze.
In exosomatic measurements, a voltage source is connected to
the subject, thus obtaining information on the skin resistance
(SR) or conductance (SC), if the voltage is dc, or its admittance
(SY) or impedance (SZ), if it is ac.

Exosomatic measurements are regulated by the IEC 60 601
standard (UNE-EN 60601-1 [32]), which limits the maximum
value of current through the human body for both dc and
ac measurements. The application of a dc voltage or current
makes it possible to measure the passive electrical properties
of the skin (mainly its conductance) [3]. Although this method
is the most widespread, it can be subject to errors due to
the polarization of the electrodes. This problem is eliminated
by the use of constant ac voltages or currents, resulting in a
measurement of skin admittance or impedance, respectively.
In the ac measurements, the constant voltage measurement is

the most commonly used. In this type of measurement, the
frequency of the ac signal provides information about the skin
at different depths.

The measurement of EDA under constant ac current is
much less common [33]. This is probably due to the need
for both a constant current value reading and the need to
alter the excitation voltage value so that the excitation voltage
measurement does not vary excessively, which complicates the
system at both the hardware and software levels. However,
this method can have great advantages inherent in the use of
constant current, such as being less important for the nature
of the electrodes, which will be discussed next.

Indeed, the selection of appropriate electrodes is often one
of the most important issues in EDA measurement. On the one
hand, there are gel electrodes, in which a substance (liquid or
solid) is placed that facilitates electrical contact between the
skin and the electrode, increasing the quality of the signal [34].
The electrical properties of the gel and its degradation are
vital in these cases [3]. These types of electrodes are usually
more sensitive to electrical noise. However, dry electrodes,
without electrolytes to facilitate ionic transport between the
skin and the electrode surface, generate more capacitive charge
transfer and therefore a greater dependence on the excitation
frequency measurement. Lacking the adhesion of the gel, these
electrodes do not provide a stable contact with the skin and
the measurements can present large discontinuities, even with
small variations in the contact pressure between the electrode
and the skin. On the other hand, they do not degrade over time
and provide more stable long-term readings [34].

C. AD5941 Bioimpedance Shield
The AD59411 is a state-of-the-art, low-cost, high-

performance sensor, including a wide operating frequency
range, high-resolution analog-to-digital conversion, and the
ability to perform two-to-four terminal impedance measure-
ments. It has a transimpedance amplifier with a variety of
feedback resistors to measure a wide range of electrical
impedances. The AD-5941 uses two different power supplies:
1.8 V for the digital part and 3.3 V for the analog part.

The AD5941 Bioimpedance shield is presented as a
cost-effective, high-performance solution for a variety of
applications. In [35], it is used to build a portable and
low-cost electrochemical impedance spectroscopy system for
lithium-ion batteries. A low-cost portable impedance ana-
lyzer designed for bioimpedance applications, in a biomedical
context and specifically for sarcopenia detection and elec-
trochemical quantification, is described in [36]. In [37], the
AD5941 is integrated into a compact impedance measurement
system for the detection of A549 lung cancer cells. Finally,
in [38], the AD5941 is used to develop a high-precision, low-
cost, and easy-to-use device that measures in situ the electrical
conductivity of soil, for agriculture and forestry applications.

In this work, an EDA signal measurement device based on
the AFE-AD5941 is presented. It is developed for portable
and wearable devices and has high accuracy and low power

1https://www.analog.com/en/products/ad5941.html.
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consumption. The details of the development of this EDA
measurement system will be detailed later.

D. Organization of This Article
As mentioned above, this article will detail the develop-

ment of a wearable platform for the capture of biomedical
signals. In Section II, a simplified model for the skin is
proposed that allows us to obtain a new variable on which
it would be feasible to perform EDA activity measurements.
Sections III and IV describe from different points of view
the hardware of the device responsible for the acquisition,
saving, sending, and/or processing of data of the different
biomedical magnitudes to be measured, paying special atten-
tion to the EDA activity, which is the main focus of our
work. Section V summarizes the most important aspects of
the software program in the device, paying special attention
to the constant ac current measurement process in comparison
with the standard technique. In Section VI, the main results
of the device measurements are shown. Finally, Section VII
presents the conclusions of the work.

II. SKIN IMPEDANCE MODEL

The general variation in skin impedance is mainly related
to the activity of the sweat glands. The capacitance variation
in these glands is also induced by sweat since sweat acts as
the dielectric of a capacitor in these glands. The capacitance
and resistance values of the epidermis and the resistance
values of the dermis are different for each user but show a
low fluctuation. Depending on the depth at which the tissues
are analyzed and the required accuracy of the results, the
skin impedance model can be quite complex and involves,
in general, and without going into detail, several resistors and
capacitors interconnected in a complicated network of series
and parallels [1], [39]. The electrode electrical model itself
involves a resistor in parallel with a capacitor, with a voltage
source in series to these.

In our case, we have opted for a much simpler skin
impedance model, consisting of a single resistor in parallel
with a single capacitor. Since in the measurement process to
be detailed later, both voltages and currents will be complex
numbers, it is possible to have access to the real and imaginary
part of the skin impedance, which allows us to obtain sepa-
rately, as will be explained below, the resistive and capacitive
part of the model.

The multisensor wearable wristband (MsW2) device,
as mentioned above, performs an ac impedance measurement.
This allows us to reconstruct the signals corresponding to
the skin resistance and capacitance of each individual, using
only the real (X ) and imaginary (Y ) parts recovered from the
impedance data recorded by the device.

Starting from the definition of the complex impedance of
resistor and capacitor in parallel, it can be seen that the real
and imaginary parts are

X =
R

1 + R2ω2C2 (1)

and

Y =
R2ωC

1 + R2ω2C2 . (2)

Fig. 1. Block diagram of the prototype.

Fig. 2. Real image of the MsW2 prototype.

From where the values of skin resistance (R) and skin
capacitance (C) can be deduced

R = X
(

1 +
Y 2

X2

)
(3)

C =
−Y

ω
(
X2 + Y 2

) . (4)

This model has been applied in this work to obtain the
resistance and capacitance data presented in Section VI-D.
In advance of these results, both the information extracted
from the resistive (conductive) part of the skin and its capaci-
tive part allows EDA analyses to be performed with potentially
equivalent results.

III. PROTOTYPE DESCRIPTION

This section describes the prototype design and the most
significant components included. In addition, interesting fea-
tures and the relationship between components are detailed.
The block diagram of the prototype is shown in Fig. 1.

As can be seen in Fig. 1, the prototype wearable
EDA measurement device presented here is based on
the MAX32630 FTHR kit (Maxim Integrated) and a
self-developed bioimpedance shield. These two components
offer the versatility of a wearable platform for EDA and
bioimpedance measurement, with a lightweight, comfortable,
wireless, removable, and expandable sensor with battery
autonomy for research developments.

The prototype is shown in Fig. 2 and incorporates a
small lithium polymer battery with a 3.7-V cell. Charg-
ing/discharging of the battery is managed by a battery charge
manager, which has a smart power selector to reduce bat-
tery consumption. The board development kit contains the
microcontroller, an accelerometer/gyroscope, a battery charge
manager, a battery connector, a dual-mode Bluetooth low-
energy module, a micro-SD card connector, as well as an
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input/output interface consisting of a push button and an RGB
led to indicate the actual device or measurement status.

The size of the board is compact, 0.9 × 2 in, and the
BioImpedance shield is based on this size to fit perfectly.
In addition, the BioImpedance shield features an EDA sensor,
a temperature sensor, and expansion ports to allow expanding
the capabilities of the platform, both of which work with lower
power consumption and are based on the latest technology. The
main components of the MAX32630 FTHR and Bioimpedance
Shield are described next.

IV. HARDWARE DESCRIPTION

A. MAX32630 FTHR Kit
As advanced in the previous section, the developed pro-

totype incorporates a small lithium 3.7-V battery whose
charge/discharge is controlled by the MAX146902 battery
charge management circuit, an ideal solution for low-power
wearable devices. This kit also contains the microcontroller,
MAX32630,3 a high-efficiency microcontroller for wearable
devices, and the BMI160,4 a low-power inertial meter capable
of measuring acceleration and angular velocity. The use of
gyroscopes/accelerometers is important in wearable devices
because, in addition to sending information about the user’s
position and movements, it allows to correct (through a
simple correlation) the artifacts caused by physical activity
in other monitored variables, as in our case, the EDA signal.
Finally, the MAX32630 FTHR kit contains the PAN 1326B,5

a Bluetooth low-energy (BLE version 4) module and other
connectors and indicators cited before.

B. EDA Module
The developed shield incorporates an integrated circuit for

the acquisition of the EDA signal, the AFE-AD5941. It is
developed for portable and wearable devices and has high
accuracy and low power consumption. The device is capable
of generating a voltage signal with up to 12-bit resolution and
200-kHz frequency. The device has two measurement loops:
the low-bandwidth loop with an operation frequency of up
to 200 Hz and the high-bandwidth loop with a frequency range
from 200 Hz up to 200 kHz.

It has a transimpedance amplifier with a variety of feedback
resistors to measure a wide range of skin current values.
The AD-5941 uses two different power supplies: 1.8 V for
the digital part and 3.3 V for the analog part. In addition,
it incorporates a DFT hardware block and a digital filter to
process the signal, so it can work with ac signals and obtain
the complex parameter of skin impedance (real and imaginary
parts), facilitating, among other things, the use of different
types of electrodes, such as dry electrodes. The device is
independent of the microcontroller as it has its sequencer
which can store a measurement configuration, providing signal
generation and skin impedance measurement. Communication

2https://www.analog.com/en/products/max14690.html.
3https://www.analog.com/en/products/max32630.html.
4https://www.bosch-sensortec.com/products/motion-sensors/imus/bmi160/
5https://na.industrial.panasonic.com/products/wireless-

connectivity/bluetooth/lineup/bluetooth-multi-mode/series/90894.

with the microcontroller is done only to send the measurement
data and to notify the need for reconfiguration (e.g., to change
the amplitude of the generated signal).

C. Electrode Configuration
The shield has the great advantage of directly connecting

two electrodes to perform the skin conductivity measurement.
In addition, this shield can be used in other different con-
figurations to measure skin impedance, such as 3- or 4-wire
measurements. Two output loops are available, each one with
a decoupling capacitor and a limiting resistor, with the idea
that both comply with the current standard, IEC60601, and
the current flowing through the skin tissue is less than 10 µA,
thus avoiding any damage. The operation of both measurement
modes is explained in Section V-B. The device also has a set
of pins for connecting different types of electrodes.

D. Skin Temperature
Finally, the developed shield incorporates the MLX90632,6

a small noncontact infrared temperature MLX90632 with
50◦ field of view (FoV). The manufacturer has previously
calibrated this device to achieve high accuracy by storing
its configuration in an EEPROM memory. Its specific encap-
sulation reduces thermal disturbances. The sensor has the
necessary electronics to digitize and filter the temperature
information, which is stored in RAM to be sent to the micro-
controller. In addition, the MLX90632 can measure its own
temperature. The sensor power supply is 3.3 V, with an active
current of 1 mA (quiescent current less than 2.5 µA). The
temperature sensor uses the I2C protocol, which in our proto-
type operates at 1.8 V. This device has different presentations,
standards, and medical, whose most significant difference is
in its accuracy. The medical version is factory calibrated with
an accuracy of ±0.2 ◦C and has a resolution of 0.01 ◦C.
In addition, it has three operating modes: idle mode, step
mode, and continuous mode. The difference between the latter
two is the measurement frequency: the step mode performs a
measurement only when requested by the microcontroller.

V. SC MEASUREMENT

To obtain skin conductance (SC), our prototype uses the
previously presented device AFE-AD5941, as a signal gener-
ator and data acquisition system. This powerful chip has all
the necessary components to measure the analog signal and
perform the digital signal processing.

A. Integrated Circuit Description
All components involved in the SC measurement process

can be seen in Fig. 3. At the top of the figure, block (1),
the sinusoidal waveform generator is shown. It can be seen
that the low-power DAC (LPDAC) has two outputs, one of
them (12 bits) fed from the waveform generator and another
(6 bits) configured to add the offset of the current signal
in the current-to-voltage conversion stage, denoted as block

6https://www.melexis.com/en/documents/documentation/
datasheets/datasheet-mlx90632
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Fig. 3. SC measurement block diagram. (1) Sine waveform gen-
erator. (2) Transimpedance (LPTIA) amplifier. (3) LPTIA feedback
resistance multiplexer and ADC. (4) DSP module. Inspired and redrawn
from [?]db@bib:35.

(2) in Fig. 3. The amplitude and frequency of the signal are
set with the waveform generator. The output voltage range
is 0.2–2.4V and the sampling frequency in our application
is 100 Hz.

The LPDAC analog signal appears at the CE0 output
through a low-noise potentiostatic amplifier whose output is
configured as a standard buffer. This signal reaches the skin
through the capacitor CISO1, which eliminates the signal bias,
as well as any dc current from the human skin and electrodes
(Zunknown). The voltage signal at the SE0 pin is coupled to
the bias voltage through CISO2, which is the input to the
low-power transimpedance amplifier (LPTIA). We will return
to this point later.

The LPTIA performs a current-to-voltage conversion, using
a resistance (RTIA) with a capacitor in parallel (CTIA, not
shown in Fig. 3 for simplicity) in the negative feedback loop.
The resistance used is one of a set of 25 programmable
resistances which can vary from 200 � to 512 k�. This allows
amplifying the current signal and obtaining a better digital-to-
analog conversion by being able to use the whole input voltage
range. The converted voltage signal is then lowpass filtered
through RLPF and CLPF.

To obtain the digital signal needed, block (3) in Fig. 3, the
integrated circuit uses a multiplexer that selects the input to
the 16-bit ADC. This ADC (which operates at a sampling
rate of 800 k samples per second) has a differential input.
The signals employed are, on the one hand, the voltage
filtered in the previous stage, and, on the other hand, the
negative input of the low-power transimpedance amplifier
(LPTIAN ).

Finally, the digital signal-processing module, block (4)
in Fig. 3, has different stages. In the first one, after the
digitization process, the signal is reduced by a factor of 3
(SINC3) without loss of information. Then, a digital Fourier
transform (DFT) is processed through a block that performs
a frequency sweep on the data and generates an output with
real and imaginary parts (of 18-bit resolution) only for the
frequency set in the waveform generator, thus eliminating any
other remaining frequency information. The DFT is stored in
the FIFO. The microcontroller is notified when the FIFO is
full.

B. SC Measurement Methods
The chip’s developer, Analog Devices, proposes a propri-

etary SC measurement method based on a constant ac voltage.
An alternative method, based on a constant ac current, has
been designed for the developed device. The use of dc or ac
signals gives different impedance (conductance) results as the
frequency of the signal passes through the skin at different
depths [3]. A common point of both methods may be the
excitation frequency, which must be below 120 Hz to measure
EDA. As will be seen below, in the comparison of results both
methods work with an excitation signal at 100 Hz.

Both methods will be explained next.
1) Constant DC Voltage (Analog Devices): The method pro-

posed by Analog Devices consists of maintaining the chip’s
internal generator voltage, marked as (1) in Fig. 3, at its
maximum value (1.1 V) by measuring the SC (impedance)
through a variable gain (controlled mainly through RTIA) in
the LPTIA amplifier, block (2) in Fig. 3. As mentioned above,
by regulation the current flowing through a human being must
be 10µA maximum (IEC60601). This value is ensured by
calculating a limiting resistor (RLIMIT) and coupling capacitors
(CISO1 and CISO2) in the measurement network, that also
includes the unknown skin impedance (see again Fig. 3).
Calculating so that [40], even under short-circuit conditions,
the current flowing through this branch does not exceed the
above limit, we have that RLIMIT = 1 k�, CISO1 = 15 nF, and
CISO2 = 470 nF.

Using this impedance network and knowing the voltage
(1.1 V) and current (measured) values between the CEO
and SEO pins of the device (Fig. 3), the value of the skin
impedance (conductance), Zunknown, can be obtained.

As the measured SC changes, the device adapts the
impedance of the LPTIA feedback loop to obtain the optimum
amplification in the current measurement process. An unde-
sirable result of this is that each time the RTIA resistance
changes, discontinuities occur in the measurement of SC
that, if uncorrected, can be mistaken for events in the pha-
sic signal being extracted from the EDA. However, this
drawback can be overcome since RTIA value is stored in
the device measurements. By analyzing the value of this
resistance at each time stamp, these jumps can be detected
and corrected easily. However, the procedure is cumbersome
and, if not processed properly, may leave spurious remain-
ders in the signal that could lead to false EDA activity
positives.

2) Constant AC Current: Holding constant a current over an
unknown and variable impedance is not possible. However,
what can be achieved is to maintain a current that remains
approximately constant during the process of measuring the
unknown impedance. The procedure itself is not conceptually
complicated. Through the measurement of voltage and current,
in the same way as in the procedure described above, the value
of the skin impedance Zunknown can be obtained. Using the last
calculated impedance value, the voltage value required to keep
the current fixed in the next measurement is easy to obtain
using the same equation. This is basically the procedure that
has been developed, which will be explained in detail in the
following paragraphs.
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Fig. 4. Constant current source measurement sequence (see text for
details).

By altering the component values obtained for the procedure
proposed by Analog Devices (between the CEO pins and SEO
pins of the AD5941), the proposed system incorporates a loop
in which the current control is performed by software. In this
case, CISO1 and CISO2 are worth 1 µF and RLIMIT = 1 k�.
In this way, the device is potentially capable of sending higher
currents.

The prototype uses a constant current source that modi-
fies the voltage amplitude to inject an invariant current (the
maximum possible current, always limited to the standard
IEC60601) into the skin, adapting to the impedance value. This
method has a number of advantages which will be detailed
later.

The measurement sequence is shown in Fig. 4. This
sequence differs from the measurement sequence proposed
by Analog Devices explained before, due to the quasisimul-
taneous measurement of voltage and current, which allows
measuring voltage and current without having to configure the
microcontroller.

In the first step, the amplitude of the voltage signal is set to
a low value, to limit the initial current. At that time (yellow
signal in Fig. 4), the chip is set to measure the voltage. This
signal is triggered for 50 ms, and after a 10 ms wait to stabilize
the signal, the microcontroller is configured to measure the
current, using the same excitation signal, which is generated
for another 50 ms (in blue in Fig. 4). This process is repeated
every 250 ms. The signals from the measurement process are
converted from analog to digital, processed, and stored in the
FIFO. Each measurement generates eight sets of data, four sets
of real and imaginary parts of current and voltage. Thus, when
the FIFO has exactly 16 data, the microcontroller is notified,
and the information is sent to calculate a single conductance
value.

After the first impedance measurements, this impedance
value is used to calculate how much the excitation voltage
should be worth in the next cycle to provide a maximum
current on the skin, never exceeding the 10-µA limit but
staying as close to it as possible. This is not always achiev-
able, of course. Since the maximum excitation voltage of
AD5941 is 1.1 V, the maximum value limited by the regulation
(10 µA) is only possible for skin impedances below 110 k�

(or about 9 µS of conductance). If the skin impedance is
higher than 110 k�, the algorithm will inject the maximum
possible current, reserving a small margin to adapt this value
to variations in the EDA signal. In the following cycles, the

Fig. 5. Microcontroller UML diagram for EDA measurement.

impedance value is used to calculate how much the excitation
voltage must be worth so that the current through the skin
remains constant.

During each of these measurement phases (lasting 110 ms),
the chip is set to active mode and operates with a
low-frequency clock to optimize power consumption. Since
four measurements per second of impedance are taken, the rest
of the time (140 ms) the chip remains in hibernation mode and
uses a high-frequency clock to perform SPI communication.
In this way, when the device alerts the microcontroller to take
data, the configuration is set immediately, without any delay
in the measurement sequence.

The microcontroller and the AD5941 need to be in perma-
nent contact to correctly perform the measurement process.
Fig. 5 shows the unified modeling language (UML) diagram
of the microcontroller. As can be seen in the figure, the
microcontroller executes a basic configuration of the AD5941
which specifies the FIFO working mode, data limit, set voltage
reference, and so on. The calibration of RTIA requires a special
configuration, in which a calibration can be performed to the
whole set of 25 resistances or just to one of them. Once the
measurement process explained in the previous paragraphs has
been launched, the microcontroller verifies the FIFO stage and,
as long as it is not full, it launches the next voltage and current
measurements. If the measured current differs from 10 µA,
the AD5941 sequence is reconfigured so that the amplitude of
the voltage signal keeps the current constant and as high as
possible in the next measurement.

Fig. 6 shows in detail the voltage/current measurement
sequence in the AD5941. As explained above, this sequence
generates a sinusoidal signal and measures voltage and current
consecutively, with only a few milliseconds delay. As can be
seen in the figure, the voltage measurement process requires
the use of the DAC, the LPTIA is configured to measure the
voltage, the signal is converted to digital, and the data is pro-
cessed with the digital filter and the DFT. The result is stored
directly in the FIFO. After 10 ms of waiting, another signal is
generated independent of the previous one, with conditions
as similar as possible to this one and avoiding the phase
difference in the DFT calculation. In this case, the LPTIA
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Fig. 6. Sequence of voltage/current measurement.

is configured to perform a voltage-to-current conversion. The
voltage thus generated is applied to the skin, through which
circulates a current related to the conductance of the skin,
which will be obtained through the data obtained, stored in
the FIFO.

3) Qualitative Comparison: The interesting thing about the
new proposed method of impedance (conductance) measure-
ment is that the injected current will be approximately constant
throughout the measurement process, with the advantages
inherent in any current measurement process, such as greater
noise immunity.

As explained above, to perform precision measurements,
the constant voltage method selects the optimal feedback
resistance (RTIA) as the skin impedance changes, leading to
discontinuities in the EDA signal that must be corrected to
avoid false activity markers in the phasic signal. The constant
current measurement process can work perfectly well using a
single feedback RTIA, which has several important advantages.
Most obviously, discontinuities in the EDA signal due to the
change in the LPTIA feedback loop are avoided. An additional
advantage is that, if a correction in the measurements due to
the thermal drift of the device becomes necessary, it is much
simpler to work with a single resistor than to work with a total
set of 25 resistors.

A quantitative analysis of the comparative results of these
methods is shown in Section VI-C.

C. EDA Measurement
Finally, to test the ability of the MsW2 device to record

EDA signals, an experiment was conducted in which a set
of individuals were subjected to visual stimuli (by viewing
video segments extracted from movies and documentaries),
including the emotions fear, anger, joy, disgust, sadness, and
boredom. The room in which the test was conducted is isolated
from other stimuli. Each participant is fit with a series of
sensors to capture different biometric signals such as EEG
(through a Muse7 placed on the forehead), facial expression
(with a bull’s eye camera placed on a fixed mount), and EDA,
captured with two devices: the Empatica (E4) wristband and
the MsW2 platform. The electrodes for measuring the EDA
signal are placed on the fingers of the nondominant hand (to
reduce as much as possible the noise caused by movement),

7https://choosemuse.com/

reserving the index and middle fingers for E4 and the ring and
little fingers for MsW2.

The total duration of the experiment is about 40 min,
during which videos with different emotional content will be
shown, separated by a neutral video. The corresponding EDA
signals thus obtained have been cut into 5-min segments. All
signals in which one of the devices exhibited any kind of
misbehavior (loss of connection, spurious reflex movement,
general electrical noise, etc.) were discarded.

The total number of individuals, of both sexes and between
22 and 50 years old (mostly student volunteers), was 25. The
previous selection of signals, based on the criteria set out
above, has left us with a total of 43 valid cuts of 5 min each.

Some results of this experience will be shown in the next
section, to demonstrate that both the developed platform and
the proposed measurement algorithm are perfectly valid for
the capture and analysis of the EDA signal.

VI. RESULTS

The developed device has undergone a battery of tests to
prove its effectiveness. The results of such tests will be shown
in the following sections. First, the battery consumption of the
device will be discussed, followed by the response speed of
the temperature sensor that measures the skin temperature and
whose information could be used to perform a thermal drift
correction in the measurement process. Next, we will show the
analysis of the differences in impedance measurement using
the methods explained in Section V-B, namely at constant
ac voltage and constant ac current. The results obtained in
obtaining the skin resistance and capacitance introduced in the
proposed model (Section II) will be shown later. Finally, EDA
signals obtained in the small test explained in Section V-C
will be presented.

A. Power Consumption
The power consumption of the entire device was measured

in both data capture and Bluetooth transmission modes. The
average power consumption obtained under these conditions
is 10 mA rms, so the battery autonomy reaches 22 h. On the
other hand, thanks to the MAX14690 battery manager, the
standby consumption is only 600 nA. Therefore, in this case,
the self-discharge factor of the battery is more important than
the consumption of the device itself, so the estimated battery
life would be more than one year.

B. Temperature Time Response
Regarding skin temperature measurement, as mentioned

above, the MsW2 prototype has an MLX90632SLD. This
integrated one has a resolution of 0.01 ◦C and an accuracy
of ±0.2 ◦C, while the E4 device has a resolution of 0.02 ◦C
and ±0.2 ◦C. The response times of both measuring devices
have been compared. The result is a response time of 1.9 s
for the E4 versus 3.1 s for the MsW2 device. Therefore, both
sensors, based on IR technology, have a short response time
compared to other technologies [40].
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TABLE I
PERFORMANCE RESULTS. CACV: CONSTANT AC VOLTAGE METHOD

(ANALOG DEVICES). CACC: CONSTANT AC CURRENT

METHOD (PROPOSED)

C. Performance Results
To compare the proposed new measurement sequence,

at constant current, with the one proposed by Analog Devices,
a test is performed by taking a set of samples at different
standard resistors (50, 100, 270, 560 k�, and 1 M�). These
resistors were measured with a calibrated high-performance
multimeter (FLUKE, model 43). Only the real part of each
impedance is analyzed since the parasitic capacitor is difficult
to obtain. The results are shown in Table I, indicating the real
part of the impedance in k�.

In the results shown in Table I [41], a clear reduction of the
relative error can be observed in the measurement of electrical
resistance in this set of standard resistors with respect to
the constant voltage measurement method. In fact, the error
remains below 0.2%, even for low resistance values, so the
use of this novel sequence allows a more accurate impedance
measurement system.

These results are very close to the technological limitation
of the Electrodermal Front End AD5941. For example, in [42],
where an AD5941 is used for a totally different application, the
results in the accuracy of the resistive part of the impedance
to be measured, always below 0.5%, are very similar to those
shown here.

D. Skin Impedance Model Results
As anticipated in Section II, a simplified impedance model

for the skin has been applied. In that model, the measured
impedance consists of a resistor in parallel with a capacitor.
From the EDA signals captured during the experiment detailed
in Section V-C, by applying relevant equations (see Section II),
the activity corresponding to the SC and capacitance can be
separated.

This allows us to retrieve the values of both skin resis-
tance and capacitance from our simplified model from the ac
signals collected by our measurement system. In Fig. 7, the
instantaneous skin resistance, conductance, and capacitance
values extracted from the model are presented. Observe how
the variations of all signals (specifically conductance and
capacitance) appear highly correlated. As will be shown later,
tonic and phasic signals, which are crucial in EDA analysis,
are extracted from this information. This means that skin
capacitance could also be used to detect EDA activity with
potentially as accurate results as those achieved through SC.

The validity of the proposed skin model can be seen in
Fig. 8, where the direct SC result obtained by the Empatica
wristband for a given individual is compared with the result
obtained by MsW2 for the same individual in the same time

Fig. 7. Skin resistance and conductance (blue) and capacitance (red)
extracted from the proposed simple model.

Fig. 8. SC extracted from E4 data (in red) and the proposed skin mode
and MsW2 data (in blue). Both results are in µS.

frame, after applying this model. The differences between
the two signals may be because the EDA measurements
were taken for both devices between different fingers of the
participant’s hand, always respecting the same order of the
sensors.

The application of this impedance model to the skin pro-
vides an important advantage for the subsequent analysis of
the signal. Both the results are shown in Fig. 8 and those to
be shown in Section VI-E are the signals directly obtained
through the model presented here. When this model is not
applied, as is the case, for example, in [43] (in which a
comparison is made between a device built with an AD5940,
similar to the AD5941 used here, and a commercial BioSig-
nalPlux8 device), a renormalization of the EDA signal is
generally necessary before proceeding to its analysis. This
normalization affects the skin impedance values but not its
overall shape. Therefore, from this normalized signal, the tonic
and phasic signals are obtained by the usual method, which
will be detailed later.

E. Analysis Results
The conductance signals obtained from the raw data cap-

tured by both measurement systems are smoothed using a

8https://www.biosignalsplux.com/index.php/researcher.
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Fig. 9. Tonic signals. In blue, the MsW2 tonic signal, obtained from the
MsW2 conductance (red dotted line). In red, the Empatica tonic signal
obtained from the Empatica conductance (blue dotted line). Both results
are in µS.

Fig. 10. Phasic signals obtained from the MsW2 data (blue) and
Empatica (red). Both results are in µS.

zero-phase digital filter and analyzed using LedaLab.9 Ledalab
is an open-source code MATLAB tool that automatically
obtains both the tonic and the phasic part of the EDA signal
under analysis, obtaining for each of these their corresponding
excitation signals (or driver). These driver signals, in turn,
indicate the time instants in which sufficiently intense changes
occur in the signal (tonic or phasic). The tonic signal can be
understood as a kind of basic (low-frequency) level that marks
the general state of the individual’s EDA response. The phasic
signal obeys the emotional response to the stimulus, resulting
in a series of peaks that vary more rapidly over time and
generally decrease over time until the next stimulus arrives.

An example of the extraction of the tonic signal can be seen
in Fig. 9. In the figure, the dashed lines show the conductance
obtained through E4 (red) and the MsW2 platform (blue). The
tonic signal obtained from the MsW2 data is shown in blue,
while the tonic signal extracted from the Empatica wristband
is shown in red.

An example of the phasic signal obtained by Empatica
and MsW2 can be seen in Fig. 10. The phasic signal is the
difference between the measured conductance and the tonic
signal extracted in each case for the Empatica (red) and the
MsW2 (blue) shown in Fig. 9.

These signals are the responses to the different stimuli to
which the individual under study is subjected, so there is an
obvious relationship between the most immediate emotional
response and the phasic signal obtained by this procedure.

9Available in http://www.ledalab.de/software.htm.

Fig. 11. Continuous line: phasic signal from the MsW2 data. The onsets
of the phasic driver signal are shown as blue vertical lines.

TABLE II
PERCENTAGE OF COINCIDENCES BETWEEN E4 AND MSW2 EDA

SIGNALS. HMS: HANDMADE SELECTED PEAKS (SEE TEXT)

In other words, by analyzing the phasic signal, the emotional
response of the subject to the different stimuli can be derived.
This objective is beyond the results shown in this work, where
the main objective is to demonstrate that the EDA information
obtained using the E4 wristband and the MsW2 platform is
equivalent.

1) Percentage of Similarity: As explained above, each
5-min signal analyzed corresponds to the emotional response
of the same individual to each stimulus in that period of
time, captured through two different devices. To validate the
results obtained, we will compare the results for each of
these two signals, analyzing the onsets calculated from the
corresponding drivers of their phasic signals, to verify the
possible relationship between the different (but equivalent)
onsets. An example of a phasic signal and its corresponding
driver onset is shown in Fig. 11.

The onsets in the phasic show the time instants in which
changes in the signal have occurred. The number of events
selected for further analysis can be controlled by simple filter-
ing. This filtering basically consists of varying an amplitude
threshold. The events whose amplitude exceeds this threshold
will be considered valid onsets, while the rest will be rejected.

Table II shows the results of the percentage of success in
the onsets obtained in the EDA signals through the E4 and
MsW2 for different degrees of peak filtering. The first data
correspond to 100% of the peaks detected for both signals.
In the first column, the total number of onsets detected by
Empatica, and in the second column, the onsets detected by
MsW2 are taken as a basis. The percentage of coincidence is
obtained through the number of coincident onsets. Two onsets
(one from Empatica, and the other from MsW2) are considered
coincident if they are separated by a maximum of two time
stamps. In later rows of the table, an increasing degree of
filtering has been applied at the onset level, until the initial
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number of peaks is reduced to (approximately) 75%, 50%, and
25% of the initial detected events. The fifth row leaves only
the essential event marks for each signal (generally between
5 and 10). In the last row, a human operator has manually
selected (HMS in Table II), and the onsets related to the most
marked emotional variations in both signals. The final data in
the table show the percentages of similarity found in this way.

As can be deduced from the results, there is a great
similarity between the onsets marked in the signals obtained
in both devices.

VII. CONCLUSION

The MsW2 has been successfully developed as a novel wear-
able device for measuring electrodermal activity (EDA) and
skin temperature. It is designed for wrist-worn applications and
uses an alternative method of impedance (conductance) mea-
surement to improve signal quality. This alternative method,
based on a constant alternating current, was designed for the
AFE-AD5941 device to measure SC. The prototype uses a
constant current source that modifies the voltage amplitude
to inject an unchanging current into the skin, adapted to the
impedance value. The constant current measurement method
shows a reduction in relative error compared to the constant ac
voltage method proposed by Analog Devices, as demonstrated
by tests with standard resistors.

The MsW2 demonstrates high consistency with the Empat-
ica E4 device in EDA measurement, as validated by
experimental results with 25 participants. Analysis of the EDA
signals obtained with the MsW2 and the Empatica E4, using
visual stimuli to induce different emotions, showed a high
similarity between the signals and the detected onsets. This
indicates that the MsW2 can obtain EDA signals with an
accuracy comparable to that of the Empatica E4.

A simplified skin impedance model was proposed and vali-
dated that allows analysis of EDA data by extracting both skin
resistance and capacitance, enabling accurate detection of EDA
activity. As has been seen, the variation in skin capacitance is
susceptible to be used to extract the same information obtained
through conductance, given the high correlation between both
variables.

MsW2 presents potential applications in emotion detection
and health monitoring, offering advantages such as the ease
of characterizing the total loop impedance and the absence of
discontinuities associated with scale change.

In future work, the use of a constant current-based mea-
surement decreases the dependence on electrode properties of
different technologies allowing more affordable developments
for the design of commercial wearable devices. In addition, the
flexibility of the device allows for skin impedance measure-
ments at different frequencies, developing a more complete
model of skin impedance.
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