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Abstract—Obstructive sleep apnoea (OSA) is one of the most
common sleep disorders, which is characterised by repetitive
cessations of respiratory flow during sleep. This paper describes an
alternative method to detect sleep parameters by measuring a
variation in the earth”s magnetic field. A magnetometer sensor,
laid onto the body, detects millimetre night-time breathing
movements by measuring the change in the magnetic vectors. A
soft, non-invasive wearable sensor is designed to be printed on a
miniature PCB, packaged in a minimal invasive board, which
includes a wireless Bluetooth low-energy (BLE) module and a lowpower microcontroller. A very low power consumption is achieved
by applying a smart processing algorithm, which is also described.
The algorithm delivers respiration rate, apnoea time and time in
movement. A comparison with a well-known air-flow sensor is also
discussed.
Keywords—Breathing rate, wearable devices, inertial
measurement unit, wireless sensor, real-time, low-power.

I. INTRODUCTION AND RELATED WORKS

I

N the era of the Internet of Things (IoT), wearable smart
devices, such as smartwatches and wristbands, are already
part of daily life. Many commercial wearable devices usually
integrate MEMS-designed inertial sensors, including
accelerometers, gyroscopes and compasses, which provide an
inexpensive way to collect body-centric data. Continuous, ready
to use, movement data can provide an excellent boost for remote
healthcare, enabling fast and safe diagnosis [1]–[4]. Also, in the
last few years, activity detectors, as well as sleep monitoring
devices have been extensively studied to increase the wellbeing
of the users. Thanks to emerging low power microcontroller and
communication methods as Bluetooth Low-Energy (BLE),
ZigBee and ANT, these sensors are able to guarantee reliability,
long lifetime, and accurate results, allowing to move from simple
activity tracker to advanced personal medical devices [5]–[9].
For many medical needs, vital signs, such as heart and breathing
rates, are critical parameters that are continuously monitored.
Breathing is a prominent indicator of several problems such as
sleep disorders. Sleep apnoea in the form of obstructive sleep
apnoea (OSA) is already considered the most common
respiratory disorder during sleep, which is characterised by
cessations of airflow caused by a soft wall closing in the throat.
Polysomnography (PSG) is the complicated procedure and
precise way of assessing the OSA problem. However, a complete
PSG requires the patient to be connected to numerous cabled
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sensors and hospitalized for one night, which therefore makes it
very expensive. New simplified methods for diagnosis and
screening of OSA have been developed in the last few years and
have had a significant benefit of the treatment of OSA. Many
devices have been designed to address the main parameters for
this disease [10], [11]. Accelerometer-based sensors are designed
to detect breathing and communicate through a gateway to a web
service [12][13]. Non-contact devices have been proposed to
detect breathing [14]–[16]. Airflow sensors detect the breathing
airflow measuring a temperature variation at nose level [17]–
[21]. Capacitance variation sensors have been proposed for
detecting respiration rate and time of apnoea [10][22].These
devices represent a good portion of a fast-growing world of
wearable healthcare. However, steps forward can be made to
overcome several typical problems such as battery lifetime, size,
and comfort for the user. Indeed, complicated algorithms
decrease battery lifetime, while long and bulky cables make
devices uncomfortable. The use of accelerometers has recently
emerged as an alternative method for monitoring the movement
of the chest and abdomen [23]. Single or dual-axis
accelerometers can only obtain an optimal breathing signal when
appropriately aligned with the major axis of rotation, but it is not
practicable for real-time application, using a low power
microcontroller [24]. Other methods are based on the
reconstruction of the angular movement induced by breathing, in
periods when the patient is otherwise static, but it does not work
for real-time applications yet [24][25].
A magnetometer is a simple sensor that measures magnetic
fields and the magnetization of materials, which is also employed
to measure direction, strength, or relative change of a magnetic
field at a given location. This sensor is usually based on the
electromagnetic property of the earth. The main advantage of
using a magnetometer over accelerometer for breathing rate
measurement is that movements of the chest can be obtained
from the magnetometer data without complex processing. In the
case of the accelerometer, the movement of the chest must be
obtained from integration of the acceleration using sophisticated
algorithms such as Kalman filters [12][25]. This allows the
magnetometer and signal-processing algorithm to be
programmed in a low-power on-site microcontroller, instead of
an external computational unit. Therefore, only real-time
processed data are sent to a gateway (in this work a smartphone)
for an IoT database, reducing the number of RF transmissions,
improving its battery lifetime.
In this work, a low-power device is produced and tested. An
efficient real-time algorithm for respiration rate and apnoea
detection has been proposed and tested to demonstrate
robustness and increasing the battery life. Section II and III
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explain the system hardware and data processing design
respectively. Section IV reports the performance for a freely
behaving user before concluding in Section V.
II.

z

SYSTEM ARCHITECTURE

Fig. 1. shows a block diagram of the entire wearable system
used to detect respiration and compute respiration rate, apnoea
periods, and movement time. The system integrates an
LM303DHLC [26] sensor, an RFduino module that includes a
microcontroller Cortex M0 and a nRF51822 Nordic
Semiconductor Bluetooth low energy (BLE) module, Arduino
compatible. The three computed parameters are sent to the cloud
using a smartphone as a gateway.

Magnetormeter
LSM303DLHC
Magnetic
Field
Signal
Processing
Microcontroller
Breathing
Rate

Diagnosis

Cloud
DataBase

Bluetooth BLE

RFDUINO

Fig. 1. Block diagram of the system

A. Sensor
During a respiration cycle, breathing is characterized by an
upper body activity, which involves a displacement of the
thoracic rib cage. Especially during intense physical activities,
the entire ventral cavity compresses and expands.
Simultaneously, the abdominal cavity is pushed by the
diaphragm contraction, moving the abdomen forward. An
inertial
measurement
unit
(LSM303DLHC
from
STMicroelectronics) measures the thoracic and abdominal cavity
movements, by reading the corresponding variation in the
magnetic vector in real-time. During breathing, this magnetic
vector rotates due to the chest movement. This rotation changes
one of the three magnetic vector components, which is detected
by the sensor (Fig. 2). During regular breathing, the body
movement moves the sensor, located on the chest, about 4mm
from its original position [27]. The average chest wall
displacement is detected by the magnetometer sensor that shows
a significant variation of the magnetic field, which allows
distinguishing the waveform of breathing as described in section
IV. LSM303DLHC contains a magnetic field full scale of
±1.3x104 to ±8.1x104 µT. According with previous works [27],
has been found that the Z-axis component of the magnetic field
(perpendicular to the board) is the most sensitive to chest
movement (Fig. 2). This displacement causes a changing of
magnetic field power of around 0.2 µT in the direction of the
shift, which is detected and recorded by the sensor. In addition,
any different body movement is even easily identified, giving
more information about the state of sleep.

n

n
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Fig. 2. Vector magnetic field displacement.

B. Transmitting and computing unit
RFduino [28] is an integrated system-on-chip (SoC) based on
the nRF51822 chip from Nordic, which can receive data from a
magnetometer sensor through the I2C bus and communicate it by
using Bluetooth to a smartphone. RFduino is entirely
programmable by using Arduino API. The communication is
performed via a Bluetooth low-energy transceiver. The RFduino
module elaborates data, obtained from the breathing sensor, and
extracts three parameters: respiration rate, apnoea periods and
movement time. The smartphone receives these parameters and
uploads them to a custom IoT database for analysis by a
specialist. The smartphone can also display the data in a custom
made app.
A proof-of-concept prototype is shown in Fig. 3. The
RFduino, the magnetometer sensor module and the Lite-on
rechargeable battery are pointed out. The system is packaged in
an ad-hoc box, manufactured using a 3D printer and made of
poly-lactic acid (PLA), a wholly biocompatible material. An
elastic chest belt is used to place the sensor on the body. The
Bluetooth communication has been implemented using MIT app
inventor®. Data is recollected, and elaborated to be displayed on
the phone and saved on an IoT analytics platform service (Fig.
4) that allows it to compile, visualise and analyse live data
streams in the cloud (ThingSpeak®), which provides instant
visualisations of data posted by a device.

RFDuino
Magnetometer

Battery

(a)
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III. DATA PROCESSING AND ALGORITHMS

(b)
Fig. 3. (a) Photograph of the prototype, (b) Magnetometer sensor setup. The
sensor placed on the body using an elastic chest belt.

Sampled data are pre-treated by a real-time filtering method,
which removes high- and low-frequency noise. The algorithm is
based on an exponential moving average filter, which can be
modified by changing a single parameter. Therefore, an
algorithm to detect peaks and troughs is applied, and
consequently, the respiration rate is calculated for each breath.
The same module can calculate time duration of apnoeas and
detect body movements using the internal accelerometer
available in the module.
A. Filtering
Fig. 5 shows the block diagram of the signal processing
applied to the breathing signal. This signal, which is weak and
noisy, is superposed over a baseline value. Therefore, the
average signal is subtracted, and the result is low-pass filtered
to reduce noise. Since the filters must be implemented in a lowpower microcontroller, exponential moving average filters are
used to reduce the computational charge and memory. The
average signal Xav[n] is estimated using the following recursive
equations from the measured samples X[n]:
𝑋𝑎𝑣 [𝑛] = 𝛼1 𝑋[𝑛] + (1 − 𝛼1 )𝑋𝑎𝑣 [𝑛 − 1]
𝑆[𝑛] = 𝑋[𝑛] − 𝑋𝑎𝑣 [𝑛 − 1]

(1)
(2)

Where S[n] is the breathing signal without the baseline signal.
Then, the output breathing signal is obtained from a second
exponential moving average filter:
𝑌[𝑛] = 𝛼2 𝑆[𝑛] + (1 − 𝛼2 )𝑆[𝑛 − 1]

(3)

The smoothing factors αi (i=1,2) are between 0 and 1 and are
chosen as a function of the maximum and minimum physiopathological breathing rate. The filters cut-off frequency can be
approximated from the smoothing factors αi (i=1,2) using:

fc 
(a)


2 T

(4)

Where T is the sampling period. In this work, α1 and α2 are
set to 0.04 and 0.08, respectively.
X[n]

Xav[n]

LPF1

S[n]

Y[n]

LPF2

Fig.5. Block diagram of signal processing

(b)
Fig. 4. (a) Thingspeak® screenshot, (b) A phone”s screenshot of the app.

B. Respiration rate and movement detector
The breathing rate, usually expressed in breaths per minute
(bpm), is estimated from the inverse of the interval between two
consecutive peaks. At the same time, the readout of the
accelerometer is used to detect movements applying a
comparison with a threshold value.
A peak detection algorithm has been developed to obtain the
peaks and troughs of the filtered breathing signal Y[n]. Details
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about the implementation are explained in a related work [8].
The peak tolerance parameter  is estimated from a training
interval after the device is connected. The parameter  is set to
10% of the amplitude between the maximum and minimum
readings of Y[n]. The training interval is also used to give time
to the filters to reach a stationary regime. The first recording
seconds are used as training interval, which is necessary to
define the real-time parameters used for the filtering algorithm:
as a noise filter parameter and which is defined to
determine the threshold for the motion detector. A suitable
parameter  allows calculating the respiration rate with minimal
error.
The peak detector is then applied to the filtered signal. When
an interval between two consecutive breathings is longer than
10 seconds, it is considered as an apnoea. In this case, an apnoea
index is activated to count the number of apnoeas during the
measurement session. Every body movement introduces a
substantial variation in the magnetometer signal that is detected
by applying a threshold detector before the peak detection. The
accelerometer integrated into the inertial unit can be used for
this purpose. A movement index is defined as a counter which
is uploaded as soon as movement is detected, then it can also be
used as a sleep quality indicator. The breathing rate during this
time interval is ignored.
IV. MEASUREMENTS AND RESULTS
A. Measurements
This section illustrates experiments to detect breathing signal
using the proposed sensor performance. Measurements are
compared with a temperature airflow sensor.
The temperature airflow sensor consists of a Negative
Temperature Controlled (NTC) thermistor located under the
nose. The same algorithm explained in III.B has been employed.
Indeed, by measuring the airflow under the nose, a comparable
result is expected [19].

Vcc

R1

RNTC

R1

R1

Vout

R2

(a)

(b)

Fig.6. (a) Experimental setup for the NTC thermistor sensor (b) Wheatstone
resistive bridge with operational amplifier used for signal conditioning of NTC
sensor.

A thermistor placed under the nose measures the temperature
of the airflow during a regular respiration act (Fig. 6a). This
method is highly used in low-cost application but suffers from
some disadvantages. Since it employs long thin cables for its

movement, this sensor could, therefore, be uncomfortable for
the users, especially during long recordings (for 6 hours at
night). In addition, any displacement from the correct position
can cause a weak measurement due to the modified distance
between nose and sensor. An analogue signal amplifier is often
used to overcome this problem even if power consumption is
also increased. The NTC resistance (RNTC) can be measured
using the Wheatstone resistive bridge followed by an inverting
operational amplifier (Fig. 6b). The output voltage Vout is
recorded using the analogue to digital converter (ADC) included
into the microcontroller. However, this sensor is inadequate for
people with OBC or nocturnal apnoea, whose breath is often
through the mouth during sleep. A wireless magnetometer,
placed on the chest, can measure the breathing with a similar
accuracy, in a more comfortable way, avoiding long, bulky
cables.
Both two sensors are simultaneously connected to the same
microcontroller which has been used as a recording unit to
obtain the results shown in this section. The sampling rate is the
same for both sensors, 10Hz=1/10s. The algorithm, explained in
section III.A, is applied in post-processing to evaluate three
parameters: respiration rate, duration of apnoeas and movement
events. A 3D accelerometer, which is embedded in the same
module as the magnetometer, is also employed to validate the
movement detection that is also captured by the magnetometer
sensor. Measurement sections of 200s have been performed to
compare properties of these sensors. Subjects are asked to
breathe through the nose and recreate apnoea and movements
randomly. The magnetometer signal shows a correlated
waveform with the thermistor output for most of the acquiring
time (Fig. 7). The primary disagreement has been noticed during
body movements. Indeed, the magnetometer is highly sensitive
to the movement of the body, which can be used as a parameter
for sleep disorder activity (SDA). The signals are processed
with the same filtering parameter α1 and α2 values.
Consequently, the algorithm for peak detection has been applied
to provide respiration rate with every breath. During the
experimentation, it has been noticed that body activity is
distinguished both by the accelerometer and the magnetometer
(Fig. 8), while the airflow measurement does not show a relation
with the body activity. Fig. 8 shows a comparison between the
accelerometer sensor and the signal captured by the
magnetometer during movements (thin rectangle), while the
thermistor maintains stable behaviour. Furthermore, a strong
relationship between the thermistor and magnetometer signal
can be appreciated during apnoea (thick rectangle), while
accelerometer does not show significant variations. The dotted
line in Fig. 8 shows a case where an apnoea is recreated during
a body movement. In this case, the magnetometer can detect
movement but not apnoeas, which is detected by the thermistor
that is not able to detect movements. As mentioned before, the
highest mismatch in bpm calculation depends on the body
activity. Thick rectangles in Fig. 9 show that applying the
algorithm to detect apnoea works correctly when no movement
is performed. On the other hand, the dotted rectangles show
missing apnoea detection during a movement. Short time
movements detected and reported in Fig. 8 depend on little
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movements during the acquisition period, that doesn’t modify
bpm calculation. While sleeping, body movements are usually
reduced, so that they cannot compromise the breathing
measurements. In this case, results obtained by the airflow
sensor and the magnetometer is very similar. As a result, the
algorithm, applied to both signals, shows a maximum mismatch
of around 0.5 bpm on the average error, measured continuously
for 8 hours on a volunteer during sleeping. This result is
acceptable for many applications. In summary, when the
magnetometer detects a movement, it is not even able to detect
the respiration rate, on the other hand, the thermistor is still able
to measure breathing rate, but it cannot detect movements and
mouth breathing

Movement

Apnoea

Body Movements

Magnetometer

Fig.9. Comparision of the three extracted parameters, thermistor (red line),
magnetometer (blue line) (a) bpm computed by the algorithm, (b) apnoea and
(c) movement detected.

Thermistor

Fig.7. Normalized signal compared. Thermistor (thin line) vs magnetometer
(thick line).

Movement

Apnoe
a

Fig. 10. Comparision between thermistor and magnetometer sensor for 5
minute recording during a regular working activity. (a) Airflow at the level
of the nose (b) Displacement (c) difference between thermistor and
magnetometer measurements

Fig.8 Normalised breathing detected with three different sensors. (a) Chest
displacement sensor based on a magnetometer, (b) an airflow sensor based on
thermistor (c) an accelerometer sensor.
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TABLE I
COMPARISON WITH OTHER BREATHING SENSORS
Wearable
Communication
Comments
Technology
Highly
Low power (BLE),
Not
invasive,
sleep
portable
monitoring for new-borns
(apnoea detector)
Medium
Low power, portable
Breathing measured by the
(cables go
analogue
nose airflow
under
the
transmission [19] and
nose)
BLE [20]

Ref.#

Sensor Type

This
paper

Magnetometer

[19], [20]

Thermistor

[29],
[30]

Camera

No-contact

Wired, not portable

Breathing
analysis

[31]

Accelerometer/
Accelerometer+
Gyroscope

Highly

Wireless (Bluetooth
2.0+EDR), portable

Respiration rate calculated
by sensor fusion and
integration

No

[32]

Microphone

No-contact

Mobile
portable

Breathing and sleep monitor
by recording sound

Yes

phone,

from

image

RealTime
Yes

Disadvantages

Yes

Not usable for mouth
breathing.
Quite uncomfortable.

Yes

Not personal, sensible to
movements
and
body
orientation. Calibration is
needed.
Sensible to movements.
Processing not allowed on
board,
High
power
consumption.
Not personal device.
Sensible
to
sound
interference.

Sensible to movements.

work). When no other event interrupts the breathing, both two
sensors show a good match. Since the algorithm measures the
breathing rate of each breath, the calculation shows some local
errors due to the movement or a small variation (for instance,
some breathing through the mouth). After passing the
transitory filter response at the start-up, the difference between
waveforms is consistent for most of the recording time.
Fig.11a shows the correlation between respiration rate
calculated from the thermistor and the same parameter
calculated from the magnetometer for a sampling. Despite
some local error, the correlation coefficient remains over 0.85,
and the average breathing value is also very similar (Fig. 11b
shows the distribution of the average error). Error difference
between the two devices of 0.5 bpm was obtained.

(a)

(b)
Fig.11. (a) Analysis of correlation between the normalised thermistor and
magnetometer measurements, (b) histogram of the difference between the
breathing rate obtained with the two sensors.

Fig.10 shows 2 minutes sampling of breathing rate sensing
in steady state, tested during a regular working activity (office

B. Discussion and comparison with other devices
Table I shows a comparison of different available works
about breathing monitoring and sleeps quality, to demonstrate
the potential application of the described sensor. Various
sensor technologies are considered. Many wearable devices
have been designed for sleep activity, but they can measure
only some parameters. Commercial wristbands use the
accelerometer as a pedometer and a sleep movement detector,
but these devices cannot measure the breathing rate or apnoea
periods. Furthermore, many of the technologies analysed in
Table 1 are sensible to the body movements. However, in sleep
monitor applications, the duration of body movement events is
small compared with the total analysis time. Also, a movement
detector during sleep delivers useful information about the
sleep quality or into detection of some types of epilepsies. On
the other hands, these sensors are not appropriate for sports
applications because the body is in constant movement. In
these case, more invasive sensors such as based on thermistors
[19][20], spirometers or rip belts, which are often used in short
time effort tests, can be used. In sleep applications an
appropriate result is performed by no-contact devices like
camera [29][30] and microphones [32] that do not need to be
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installed on the body. On the other hand, these sensors are not
personal, and the presence of another user in the same
environment can cause a weak measurement. In the case of a
camera-based sensor, the body orientation is also critical and
cannot be changed during the analysis, that is not practical for
sleep monitoring. The portability and the low computational
charge of the proposed sensor make it ideal for an extended
period measurement, without any other device connected.
Some personal breathing sensors [31] are based on
accelerometers, but these techniques require complex
processing techniques to obtain the chest movement that
cannot be calculate on board, and it is performed on external
computers after recording the data. Therefore, all the sampled
data must be wirelessly transmitted reducing the battery life.
Furthermore, breathing analysis may need several days to
detect major diseases, so a long-life battery is necessary. BLE
is one of the most widely wireless communication technics
used for sleep and body parameters monitoring for its low
power and adaptability [5][33]. For this application, the
relatively slow variation of the signal allows the minimum
power consumption by setting the sample rate to 100 ms that
guarantee a proper signal processing. Since the RFduino needs
only 3 ms to elaborate and transmit data, it can manage the
time of activity, going into a sleep mode state that is an ultralow power state, reducing power consumption. The proposed
algorithm also reduces transmissions since it updates data
every breath (approximately every 4 seconds). As a result, it
can remain in sleep mode for the entire period saving more
than 85% of energy. The battery life in normal operating mode
is around 25 hours, whereas by using the algorithm is more
than 150 hours using a typical 3V Lite-on battery (150 mAh).
V. CONCLUSION
The feasibility of a wearable device to detect apnoeas and
breathing rate based on a magnetometer sensor has been
presented and tested. A magnetometer has been fully integrated
into a small wearable device with wireless capability. An
algorithm for calculating respiration rate has been presented and
applied to the data from the magnetometer and compared for
verification to an airflow sensor based on a thermistor with
excellent results. An increase of battery life has been
demonstrated by applying an ad-hoc algorithm.
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