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Abstract—The realization of a compact wireless electroen-
cephalogram (EEG) measurement device that can be used in
daily life without concern for power consumption has garnered
considerable attention. Thus, wireless EEG measurement devices
with energy harvesting have been proposed, but there have been
issues with harvester size and power output. In this study, we
proposed and implemented a wireless EEG measurement device
using compressed sensing, utilizing random undersampling and
only a 40 mm×40 mm small thermoelectric generator (TEG) as
the power source. The results of the 4x compression experiment
revealed a reduction in the power of the microcontroller from
345 µW to 97 µW at 3.3 V. This implies that a wireless EEG
measurement device can operate well with a small TEG, even
though the reconstructed signal is not inferior to the original
signal, in which the average normalized mean square error is
approximately 0.24.

Index Terms—electroencephalogram, compressed sensing,
thermoelectric generator, random undersampling

I. INTRODUCTION

Electroencephalogram (EEG) signals are important health-
care biometric signals used to reveal signs of brain diseases
[1], [2]. Moreover, brain–machine and brain–computer inter-
faces are being studied to make EEG a promising tool for
recognizing user intentions and communicating with external
devices [3], [4]. Therefore, wireless EEG measurement devices
are being developed to enable easy sensing of EEG signals
in daily life. There are numerous wireless EEG devices that
are powered by a battery [5]. To realize EEG measurements
intended for long-term operation, a large battery must be
installed, which is heavy and difficult to use. Therefore, many
researchers are working on wireless EEG measurement devices
that can operate for long periods of time without the need for
batteries or low power output batteries using energy harvesters
as the power source.

For instance, an EEG measurement device that utilizes
energy from wirelessly transmitted radio waves has been
proposed [6]. However, the authors concluded that this design
is not robust, because it can only be used near the power
source of the antenna. Another study reported a wearable
headband with integrated printed active electrodes powered by
a flexible solar panel energy harvester [7]. Although the power
generated is high and the small harvester is stable for circuit
operations, it is not suitable for general use since a significant
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amount of light is required to generate electricity. Conversely,
wireless EEG measurement devices that use thermoelectric
generators (TEGs) have garnered attention. TEGs are energy
harvesters that can generate electricity from the heat of the
human body. To the best of the authors’ knowledge, TEG-
based EEG measurement device was first reported in [8].
However, its low power output necessitated the use of multiple
TEGs to operate measurement devices; 10 TEGs were required
in the TEG-based device [8], making the device heavy and
unsuitable for daily use.

Therefore, it would be better if the EEG measurement
device could work with only a small TEG. This would require
a significant reduction in the power consumption. In this
study, we focused on compressed sensing (CS) [9], which
simultaneously compresses and senses data to reduce the
amount of information handled by hardware, thereby realizing
the low power consumption of circuits [10]–[12]. Furthermore,
we designed and implemented a CS system using random
undersampling, which has been discussed to be effective in
previous studies (e.g. [13]), and demonstrated the effectiveness
of the combination of CS and a small TEG through experi-
ments.

This paper is organized as follows. Section II briefly de-
scribed the CS theory and advantages of random undersam-
pling in the measurement device. Section III describes the
developed system combining a small TEG and CS. In Section
IV, implemented system and measurement results with actual
EEG signals are shown. Section V presents the conclusions of
this study.

II. BASIC CS THEORY AND ADVANTAGE OF
IMPLEMENTATION WITH RANDOM UNDERSAMPLING

CS theory is utilized to resolve the problem of obtaining a
signal vector x ∈ RN of size N, which is k-sparse in some basis
matrix Ψ ∈ RN×P. k-sparse means that only k (<<P) elements
of the coefficient vector s ∈ RP, which are used to show that
x = Ψ s, are nonzero. Using CS, we can obtain a compressed
signal y = Φ x, where Φ is an M × N measurement matrix.
The compressed signal vector y ∈ RM is expressed as follows:

y =Φx =ΦΨs. (1)

In this study, compression ratio (CR) was defined as CR =
N
M . Vector s is sparse, and there are many zero elements. The
length of y is significantly smaller than that of s. Therefore,



Fig. 1. Comparison of power consumption required for conventional sampling
operation and when using random undersampling as CS.

to find s and thereafter x from y, the CS problem algorithms
are solved [14], [15].

The measurement matrix must be designed considering the
hardware components. In this study, random undersampling
was used to realize the measurement matrix. The measurement
matrix representing random undersampling comprises of one
“1” per row with all other “0” [16], as follows:

ΦRU =


1 0 0 0 0 . . . 0
0 0 1 0 0 . . . 0
0 0 0 1 0 . . . 0
...

...
...

...
...

. . .
...

0 0 0 0 0 . . . 1

 . (2)

To realize ΦRU by an A/D converter, sampling is performed
when each element of the measurement matrix is “1” [17].

Figure 1 shows a conceptual diagram of the operation and
power consumption of the system implementation for equally
spaced conventional sampling and random undersampling op-
erations. Conventional sampling requires the continuous op-
eration of the analog-to-digital converter (ADC) and sampled
data management circuit, whereas random undersampling can
reduce the number of circuit operations because it can achieve
unequal spacing and a small number of sampling cycles.
In addition, random undersampling reduces the amount of
data to be transferred, thereby reducing communication power
consumption. A device that operates with only a small TEG
can be designed by utilizing these low-power effects.

III. CONCEPT OF DESIGNED DEVICE UTILIZING RANDOM
UNDERSAMPLING WITH A SMALL TEG AS POWER SUPPLY

A. Overview of System

Figure 2 shows the overall diagram of the designed system.
The system comprises three units. The power generation unit
comprises a TEG and DC–DC converter. The sensing unit,
which operates on the power from the power generator unit,
acquires compressed EEG signals via random undersampling
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Fig. 2. Concept of our designed EEG measurement system. There are three
major units: power generation, sensing, and data processing units. In this study,
we have implemented a power generation unit, a digital transmission part as
the main power consumption part in the sensing unit, and data processing
unit.

and transmits them wirelessly. Finally, the data processing unit
receives compressed signals and reconstructs them to achieve
the EEG signals.

B. Power Generation Unit

When electricity is generated from the difference between
body heat from the forehead and ambient temperature, as in
this case, the voltage obtained from the TEG is low to the
extent of several tens of millivolts, because the temperature
difference is low to the extent of a few degrees. Therefore,
a DC–DC converter was used to boost the voltage to supply
power to the sensing unit. An important point is that if the
power consumption of the sensing unit is high, the output of
the DC–DC converter will decrease, and it will not operate.
Therefore, it is important to reduce the power consumption of
sensing units.

C. Sensing Unit

The sensing unit has two parts: analog part with electrodes,
amplifiers, and filters, and a digital transmission part to digitize
EEG signals, manage digital data, and transmit data wirelessly.
The two popular methods for CS are the analog CS encoder
method in analog part, and digital CS encoder method in
the digital transmission part (e.g. [18]–[20]). Although they
differ in domain, they require computation in either the analog
or digital domain. However, our proposed system employs
random undersampling, which allows sampling while thinning
out the signal, eliminating the need for additional hardware,
and making it suitable for research goals for low power
consumption. In the proposed sensing unit, based on ΦRU ,
a timing controller circuit is used to realize the intermittent
operation of the ADC, data management, and RF transmitter.
When considering the sensing unit as a whole, most of the
power consumption is consumed by the A/D converter, digital
data management, and wireless communication [21], [22]. In
this study, we implemented a digital transmission part, which
shows a signal chain after A/D converter to confirm whether
device in proposed system can be operated with a small TEG.
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Fig. 3. NMSE (simulation results) and estimated power consumption ratio
(theoretical results) when CR is varied. In this design, it was found that setting
CR = 4 produced a well-balanced design.

D. Data Processing Unit

The compressed signals transmitted from the sensing unit
were reconstructed in the data processing unit. The reconstruc-
tion process is performed by an external computer; therefore,
there are no restrictions on power consumption, and it can
handle heavy computation loads such as CS reconstruction al-
gorithm. The measurement matrix used in the data processing
unit is the same ΦRS as in the sensing unit.

IV. IMPLEMENTATION AND EVALUATION RESULTS

A. Implementation

This section describes the system implemented in Figure
2. CP85438 (CUI Devices) with a heat sink was used as
the TEG block in the power generation unit. The size of
the TEG was 40 mm × 40 mm, and LTC3109 [23] from
Analog Devices was used as the DC–DC converter. In this
design, the LTC3109 implemented board (DC1664A [24])
was used for actual implementation. LTC3109 is capable of
functioning with input voltages as low as 30 mV from the
TEG. The power obtained from LTC3109 is consumed by the
microcontroller in the digital transmission part of the sensing
unit. The microcontroller that we selected was nRF52840 from
Nordic Semiconductor, and the nRF52840-dk (implemented
board) was utilized for this system design. Information on
ΦRS was used as the timing controller in the microcontroller
to realize random undersampling and intermittent operation of
the data management block and RF transmitter. Bluetooth Low
Energy (BLE) 5, which is expected to operate with low power
consumption, is used for RF transmission. In this system, data
packets are organized as follows to check for data loss and
efficient communication: A 2-byte counter is inserted at the
beginning of the data. The data were converted from 100 12-
bit measurements into 150 bytes. In other words, 152-byte
packet was passed to the BLE module in one communica-
tion. A standard PC (Intel i5 8G RAM) was used for the
reconstruction processing. The orthogonal matching pursuit

Fig. 4. Verification environment. We observe from the thermometer that a
temperature difference of approximately 2 ◦C was obtained on both sides of
the TEG for power generation.

algorithm, a commonly used CS reconstruction algorithm, was
implemented using Python3. Discrete cosine transform, often
used as a basis, was used for reconstruction.

CR determination is important for implementing a CS
system. CR can be determined based on the relationship
between the reconstruction accuracy and low power consump-
tion achieved by compression. To discuss the reconstruction
accuracy, the index of normalized mean square error (NMSE),
which indicates the reconstruction error, is utilized as follows:

NMSE =
∥x− x̂∥2

2

∥x∥2
2

(3)

where x and x̂ denote the original and reconstructed EEG
signals, respectively. In contrast, we estimated the amount of
power consumption reduction compared to the uncompressed
power consumption, assuming that the current consumption,
except the base current consumption of nRF52840, is inversely
proportional to CR. Figure 3 shows graphs of the simulated
NMSE and estimated power consumption ratio when CR is
varied. It can be observed that the estimated power consump-
tion ratio can be reduced as CR increases, but the NMSE
worsens. Incidentally, the reason why NMSE does not become
zero when CR = 1 is that k used in the reconstruction has a
finite value of 20, which is not a problem in principle. From
these results, we determined that CR is 4, which is better
for a well-balanced design (NMSE = 0.23, estimated power
consumption ratio = 0.27).

B. Evaluation Results

This study aimed to demonstrate that the digital transmis-
sion part of the sensing unit can be operated using only a small
TEG utilizing random undersampling. Therefore, we tested the
operation of the digital transmission part with EEG signals that
were properly amplified to the full-scale range of the ADC. We
used the National Instrument PXIe-4463 as a signal source,
which is capable of outputting EEG signals from a healthy
student in his 20s, sampled at 256 Hz from 16 electrodes
arranged according to the 10–20 electrode positioning system
[25]. The EEG obtained from the FP1 electrode was used
for validation. In this study, a single frame comprised of 800
points, corresponding to 3.125 s.



TABLE I
COMPARISON OF THE DESIGNED EEG MEASUREMENT DEVICE WITH OTHER DEVICES UTILIZING VARIOUS ENERGY HARVESTERS.

This work A.Dementyev et al. [6] J.W.Matiko et al. [7] T.Torfs et al. [8]
Power Consumption [µ W] 97(1) 432(2) N/A 495(1)

Sampling Rate [Hz] ( Resolution [bit] ) 256(3) ( 12 ) 63 ( 10 ) 128 ( 10 (estimation) ) 256 ( 12 )
Energy Harvester TEG(4) RF antenna Solar panel TEG
(Harvester Size) (40 mm×40 mm) (N/A) (37mm × 84mm × 4 ) (16 mm × 40mm × 10 )

EEG Channel Number 1 1 + DRL 2 +DRL 2

(1) ADC, Data Management, and Wireless transmitter (digital transmission part) (2) EEGWISP part
(3) Sampling rate after reconstruction (4) No wind and a temperature difference of approximately only 2◦C.
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Fig. 5. Experimental results of power consumption. The proposed method
reduces power consumption by 28% with CR = 4.
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Fig. 6. Zoom view of the waveform from 1.0 to 2.0 s. There is no significant
difference between the result of the simulation and the experimental result.

Figure 4 shows the verification environment. When power is
generated with a TEG, it is necessary to achieve a temperature
difference. In this verification, we assumed a room temperature
of 26◦C against a forehead temperature of 36◦C, and realized
an environment in which a temperature difference of approxi-
mately 2◦C could be provided to the TEG, even with thermal
resistance (heat sink: TEG = 8:2). The TEG and DC–DC
converter were placed in a plastic case to prevent wind inflow
and ensure an accurate and stable evaluation environment. A
Keithley DMM6500 digital multimeter was used to compre-
hensively measure the microcontroller current consumption.
Figure 5 shows the power consumption for normal sampling

and the proposed method (CR = 4). The microcontroller
benefitted from compression, reducing the power consumption
by a factor of approximately 1/4. Therefore, 97 µW at 3.3 V
can be achieved by utilizing random undersampling, although
power consumption due to non-compression was 345 µW at
3.3 V.

Figure 6 shows the reconstructed single-frame data obtained
from the simulations and experiments for 1 to 2 s of the
original signal. The results show that there is almost no
difference between the experimental and software simulation
results. There was also no significant difference between the
original and reconstructed waveforms, indicating that a clean
reconstructed waveform could be obtained even when CR was
increased by a factor of 4 by random undersampling. The
average NMSE was 0.24 for the 100 frames measured, which
was almost in line with the simulation.

Thanks to 4x compression, the whole system works well
even when using the small TEG as a power source, however,
it was also confirmed that it does not operate due to insufficient
power supply when the system is operated uncompressed by
experiment.

C. Comparison

Table I compares the characteristics of the EEG devices
used for this verification with those of other devices that use
energy harvesters. First, our device consumes the least amount
of power, although the sampling rate of the reconstruction data
and ADC resolution are similar to those of the commonly used
EEG devices. Unlike solar energy, the low power generation of
the TEG is considered to be a drawback. However, the power
consumption of the device designed in this study is extremely
low. Hence, the low power obtained from the small 40 mm ×
40 mm TEG is sufficient for device operation.

V. CONCLUSION

In this study, we designed a wireless EEG measurement
device that operates based on the CS theory with random
undersampling and showed that it can be powered by a small
TEG of 40 × 40 mm with low power consumption. The power
consumption is reduced to 97 µ W by selecting CR = 4. The
average NMSE of the acquired EEG signals over 100 frames
was 0.24, which is close to the simulation result of 0.23,
confirming the effectiveness of the actual device. This study
demonstrated new possibilities for compact EEG measurement
devices by combining CS and energy-harvesting technologies.
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