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Abstract— This study presents an ultra-low resource platform
for physiological sensing that uses on-chip wavelet compression
to enable long-term recording of electrodermal activity (EDA)
within a 64kB microcontroller. The design is implemented
on a wearable platform and provides improvements in size
and power compared to existing wearable technologies and
was used in a lab setting to monitor EDA of 27 participants
throughout a stress induction protocol. We demonstrate the
device’s sensitivity to stress induction by providing descriptive
statistics of 8 common EDA signal features for each stressor
of the experiment. To the best of our knowledge, this is the
ﬁrst time a generic, 16-bit microcontroller (MCU) has been
used to record real-time physiological signals on a wearable
platform without the use of external memory chips or wireless
transmission for extended periods of time. The compression
techniques described can lead to reductions in size, power, and
cost of wearable biosensors with little or no modiﬁcations to
existing sensor hardware and could be valuable for applications
interested in monitoring long-term physiological trends at lower
data rates and memory requirements.

I. INTRODUCTION
The design of biosensors used in wearable applications often requires high-quality recordings of physiological signals
using a minimal physical footprint to achieve a comfortable
form factor and unobtrusive integration into daily lives.
Modern microcontrollers (MCUs) are the backbone of many
ultra-low power biosensor designs, but their limited on-chip
storage often require use of external data storage [1]. The
memory model used to store physiological data for a given
application plays a critical role in the overall size of the
device; local data storage on an external memory device
(such as EEPROM, Flash, or an SD card) increases sensor
area and transmitting data wirelessly to an external storage
device (such as a phone) is power intensive and increases
device battery size [2].
Advanced digital signal processing (DSP) techniques are
increasingly being applied to reduce the power, size, and cost
of medical devices [3], yet research applying DSP algorithms
on wearable platforms is still ”...in its infancy”[4]. Wavelet
transformations have multiple applications in biomedical
signal processing, due to their ability to create sparse
representation of many physiological signals, which is a
fundamental feature to many signal compression, compressed
sensing, and event detection algorithms used to reduce signal
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bandwidth [5], [6]. Electrodermal activity (also known as the
galvanic skin response) is a physiological signal that refers to
electrical variations occurring at the surface of the skin due to
changes in sweat secretion. EDA is of particular importance
because it is exclusively activated by the sympathetic nervous
system [7], making it a useful monitor of physiological
arousal of the autonomic nervous system relating to emotional states. The EDA signal is commonly characterized
by tonic and phasic trends, relating to the slowly-varying
and rapidly ﬂuctuating changes in skin conductance (SC),
respectively.
In this study, we apply two approaches to save resources
on a wearable EDA sensor: 1) storing measured data within
the memory of a 16-bit microcontroller to eliminate the
need for external data storage devices and 2) compressing
the EDA signal to use the MCU’s available memory more
effectively. The compression algorithm is based on a multilevel wavelet transformation and computed in real-time to
enable 24 hours of EDA signal storage. We record EDA
of an in-lab population and demonstrate sensitivity to stress
induction based on common EDA features. Our literature
review suggests this is the ﬁrst time a generic 16-bit MCU
has been used to record real-time physiological signals on a
wearable platform without the use of external memory chips
or wireless transmission for extended periods of time.

a)

b)

c)

Fig. 1. The EDA recording system: a) displays the wearable EDA sensor
showing the position of the 1cm diameter Ag/AgCl electrodes (Thought
Technologies LLC) using 1.5 cm center-to-center spacing, the 40 mAh Liion battery, the sensor PCB, and the Fitbit Flex style wristband (Henodaus)
that the electronics ﬁt inside. b) shows the electronics of the EDA sensor,
which includes the MSP430, the analog front end for the EDA sensor,
an accelerometer, a button, and 2 LEDs. c) shows a picture of the entire
recording system: a laptop, a USB cable to download the data from the
sensor, and the biosensor.
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a)

II. M ETHODS
The developed system (Fig. 1) was designed to record
real-time EDA signals at the ventral wrist using only the
processing and storage capabilities of a single 16-bit MCU
(MSP430FR5969, Texas Instruments). This MCU was selected due to its ultra-low power DSP capabilities, low power
sleep modes, and small chip area. The MSP430FR5969 is
a single core processor having up to 64kB of non-volatile
memory. For this study, we use the lower 48kB memory
segment to store measured data and the upper 16kB for code
memory and interrupt vectors. The analog front end (AFE)
for the sensor was designed to measure the EDA signal using
a quasi constant-current op-amp topology [8], and the output
was sampled at 2Hz using a 12-bit ADC. This leads to an
EDA data rate of 4 bytes per second, which is a relatively low
data rate for physiological sensing, but would still overﬂow
the limited memory space on the MSP430 within 3.3 hours
if no signal compression is used.
We applied a multilevel wavelet transformation within
the MSP430 to create a sparse representation of the EDA
signal within the wavelet domain, which allows for efﬁcient
compression of the signal. Every 64 seconds, a buffer of 128
EDA samples (Fig. 2a) is transformed into a 4-level wavelet
representation (Fig. 2b) by recursively computing the wavelet
approximation and detail coefﬁcient vectors, AL and DL ,
respectively, from an algorithm described in [9] and shown
below:
AL+1 [n] =

5


h0 [k]AL [2n + k]

(1)

h1 [k]AL [2n + k]

(2)

k=0

DL+1 [n] =

5

k=0

where L is the transformation level; A0 is the input signal
of skin conductance values that is symmetrically extended
on the signal boarders; h0 and h1 are the Daubechies
(db3) scaling and wavelet coefﬁcients, respectively, with
||h0,1 ||22 = 1.
Fig. 2b shows the complete multiresolution decomposition of this EDA signal into its sparse representation in
the wavelet domain. This vector contains the 145 wavelet
coefﬁcients and is created by concatenating the highest level
approximation vector, A4 , and all detail coefﬁcients vectors,
into a 1-D array, W4 = {A4 , D4 , D3 , D2 , D1 }. The W4
vector in Fig. 2b is sparse since the majority of wavelet
coefﬁcients are near zero. Our previous studies in 
using this
2
technique observed that > 99.9% of the energy ( |W4 | )
within a typical EDA signal is contained within the A4
coefﬁcient vector alone [10]. This suggests that the majority
of information within the EDA signal is contained in very
few wavelet coefﬁcients.
We computed descriptive statistics for 8 common features
extracted from the 64 second EDA signals to analyze the
impact our compression method has on feature performance.
The tonic features extracted are the skin conductance mean

b)

c)

d)

Fig. 2. An electrodermal activity signal is shown in (a) along with its
multilevel wavelet transformation (b). Notice that (b) is a sparse representation of (a) having many coefﬁcients are nearly zero. The compressed signal,
shown in (c), is created by retaining only the top 14 out of 145 coefﬁcients.
The reconstructed EDA signal is shown in (d).

(SCL), maximum (SC max), minimum (SC min), and standard deviation (SC std). A peak detection algorithm from
[11] was used to identify skin conductance responses (SCRs).
The phasic features computed are the total number of skin
conductance responses (Tot SCRs), the sum of SCR amplitudes (Sum Amp), the sum of SCR durations (Sum Dur),
and total SCR area (Tot AUC).
A. Signal Compression and Storage
The compression scheme implemented on the MSP430
was designed to permit a single day of continuous EDA
recording. Speciﬁcally, the largest 14 out of 145 coefﬁcients
were retained (Fig. 2c) and every 64 seconds, the 256 byte
EDA signal (Fig. 2a) is compressed into a 30 byte data
structure consisting of all A4 coefﬁcients, the two largest D4
coefﬁcients, and their locations in the W4 vector. This yields
an effective compression ratio (CR) of 8.53 (i.e. 256/30). The
wavelet transformation, compression, and storage process
occurs in 0.920 seconds with a measured total system current
of 280 μA (using a 2.8V supply voltage). Data is retrieved
from the sensor by connecting the sensor to a laptop through
a serial communication cable, which initiates a serial stream
of the compressed memory contents from the MSP430 to the
laptop. The compressed data is then used to reconstruct the
original EDA signal by populating a new wavelet coefﬁcient
vector, Ŵ4 , with the retained coefﬁcients, zero packing the
remaining coefﬁcient values, and computing the multilevel
inverse wavelet transformation using the Python waverec()
function from the PyWavelet package. Our previous observations demonstrate that compression <10x results in a percent
root mean square difference (PRD) of less than 2% for 75%
of typical EDA signal reconstructions [10].
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Fig. 3. Descriptive Statistics of Common Features Extracted from the EDA signal. Each boxplot category used the following number of signals for the
evaluation: Rest Period (N=28), Math Test (N=48), Book Drop Test (N=43), Cold Pressor (N=15)

B. Experimental Protocol
Consenting participants were asked to wear the EDA
sensor and were subjected to a standard stress induction
protocol that consisted of a mental arithmetic test, a loud
startle, and a cold pressor [12]. The in-lab stress induction
protocol is listed below:
1) Sit in a resting position while data is collected to
establish a baseline for a relaxed state (10 minutes)
2) Conduct mental arithmetic while seated (4 minutes)
3) Rest (5 minutes)
4) Receive instructions for next task (1 minute)
5) Face away from the lab staff with eyes closed as lab
technician conducts a book drop startle test (4 minutes)
6) Rest (5 minutes)
7) Receive instructions for next task (1 minute)
8) Submerge right hand into a bucket of ice water for as
long as tolerable (4 minutes maximum)
9) Rest (5 minutes)
After the lab recording was ﬁnished, we programmed the
sensor record 64 second segments of EDA on every third
minute of the real-time clock to extended the storage capabilities of the device beyond 24 hours in order to evaluate
battery lifetime over multiple days.
Twenty seven participants consented to participate in the
IRB-approved study. Of these, data from 12 participants were
excluded from analyses due to poor electrode-skin contact
or discrete component failure and we suggest improvements
to these issues in Section IV. Data from the remaining 15
participants were used to evaluate the feature performance
of the reconstructed EDA signals. For each phase of the
experiment, the continuous EDA signals for all participants
was subdivided into 64 second segments. Any EDA segment
having more than 90% of skin conductance values below
0.24μS (the minimum our hardware can measure) was
omitted to remove data having poor electrode contact with
the skin. Additionally, only the last 4 minutes of the initial
rest period were used in the evaluation to allow for electrode
stabilization at the skin’s surface.
III. R ESULTS
We computed descriptive statistics for 8 common features
extracted from the EDA signals, summarized in Fig. 3, to

analyze the impact our compression method has on feature
performance. These boxplots represent the distributions of
tonic and phasic features across the participants. We used
a Welsh’s t-test of unequal variances to determine which
features show signiﬁcant differences, if any, between rest
periods and stress induction. Results are summarized in Table
I. Bolded p-values indicate signiﬁcant feature differences
between rest and stress conditions.
TABLE I
S IGNIFICANT F EATURE D IFFERENCES F ROM I NITIAL R EST P ERIOD

SCL:
SC min:
SC max:
SC std:
Tot SCR:
Sum Amp:
Sum Dur:
Sum AUC:

Math Test
t-stat
p-value

Book Test
t-stat
p-value

Cold Test
t-stat
p-value

-1.48
-2.15
-0.64
-5.00
-5.55
-4.27
-3.19
-3.27

-0.63
-0.89
-0.47
-2.19
-2.69
-3.11
-2.22
-2.48

-2.24
-2.37
-1.82
-1.98
-2.85
-1.59
-1.52
-1.72

0.14
0.0350
0.52
<0.001
<0.001
<0.001
0.00218
0.00166

0.53
0.38
0.64
0.0321
0.00926
0.00299
0.0296
0.0161

0.0331
0.0257
0.0781
0.0669
0.00932
0.13
0.14
0.0996

A recording from the stress induction protocol is provided
in Fig. 4, showing an example of the reconstructed EDA
signal. This ﬁgure visually shows tonic and phasic activity
that is characteristic of the EDA signal throughout the
experiment.

Fig. 4. An example of multiple EDA signals that have been decompressed
from the EDA sensor and reconstructed on a laptop. The recording shows
that both tonic and phasic EDA information is retained throughout the
compression process.

195

IV. D ISCUSSION

V. C ONCLUSION

In this study, we applied on-chip wavelet compression
within a 16-bit microcontroller to enable long-term physiological recording of electrodermal activity on an ultra-low
resource platform. Our platform can record 24 hours of EDA
signals with a total sensor exterior volume of 3.91cm3 and
can last up to 62.5 hours on a 40mAh battery using the
periodic recording scheme described in Section II-B. Fig.
2d and Fig. 4 conﬁrm that reconstructed EDA signals still
retain both tonic and phasic information at a compression
ratio of 8.53. The omission of detail coefﬁcients from the W4
vector has a low-pass ﬁltering effect that supports retention
of tonic EDA features while ﬁltering out small-scale phasic
variations; therefore, the acceptable level of compression is
application dependent. We evaluate the device’s sensitivity to
physiological changes between rest and stress conditions by
providing descriptive statistics in Fig. 3 for 8 common EDA
features. This ﬁgure shows that many features extracted from
the decompressed EDA signals exhibit observable differences
between rest and stress periods and the statistical signiﬁcance
of these observations is summarized in Table I. Many of
these features (SCL, Tot SCR, Sum Amp, Sum Duration)
have also been reported in previous studies as useful stress
indicators [13], [14] at similar signiﬁcance levels. Our results
are also in agreement with [4] and [15], which advocate
for the use of lossy compression techniques on wearable
biosensors to reduce battery size and storage requirements,
while still providing an acceptable level of signal distortion.
We extend these studies by implementing both signal compression and signal storage within a low-resource MCU.
Two state-of-the-art wearable EDA sensors closely related
to our designs are the Embrace Watch and the E4 from
Empatica. The Embrace watch, used for epilepsy detection,
has a battery life of 25-30 hours and a sensor volume of
11.5cm3 but does not currently provide raw EDA data to
users. The E4 provides raw EDA data recordings (as well
as optical heart rate, skin temp, and acceleration) and has a
battery life of 20 hours in wireless streaming mode, internal
data storage capabilities for 60 hours, and a sensor volume is
28.16cm2 . In comparison, our device can provide long-term
EDA monitoring using 65.9% and 86% less sensor volume,
respectively, given the differences in sensing modalities.
These results demonstrate that quality physiological
recording on ultra-low resource MCUs is possible through
the application of on-chip signal processing and compression. Three main improvements of future hardware iterations
would increase the recording reliability of the device: waterprooﬁng all electrical components, increasing the sensible
range of the EDA sensor by adding a programmable gain
stage, and improving electrode geometry and associated
connectors to minimize contact resistance. The compression
techniques applied in this study are particularly well-suited
for wellness applications where ongoing collection of stressrelated physiological data is desired using lower memory
requirements and for mobile monitoring applications with
considerable size, power, or weight constraints.

This study presents a wearable EDA sensor that applies
on-chip signal compression to enable long-term physiological recording on an ultra-low resource platform without the
use of external memory or wireless data transmission. We
record EDA of an in-lab population and demonstrate sensitivity to stress induction based on common EDA features.
The compression techniques described can lead to reductions
in size, power, and cost of wearable biosensors with little
or no modiﬁcations to existing sensor hardware and could
be valuable for applications interested in monitoring longterm physiological trends at lower data rates and memory
requirements.
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