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Long-term quantification of asthmatic wheezing envisions an m-Health sensor system consisting of a smartphone and a body-worn
wireless acoustic sensor. As both devices are power constrained, the main criterion guiding the system design comes down to
minimization of power consumption, while retaining sufficient respiratory sound classification accuracy (i.e., wheeze detection).
Crucial for assessment of the system-level power consumption is the understanding of trade-off between power cost of
computationally intensive local processing and communication. Therefore, we analyze power requirements of signal acquisition,
processing, and communication in three typical operating scenarios: (1) streaming of uncompressed respiratory signal to a
smartphone for classification, (2) signal streaming utilizing compressive sensing (CS) for reduction of data rate, and (3)
respiratory sound classification onboard the wearable sensor. Study shows that the third scenario featuring the lowest
communication cost enables the lowest total sensor system power consumption ranging from 328 to 428μW. In such scenario,
32-bit ARM Cortex M3/M4 cores typically embedded within Bluetooth 4 SoC modules feature the optimal trade-off between
onboard classification performance and consumption. On the other hand, study confirms that CS enables the most power-
efficient design of the wearable sensor (216 to 357μW) in the compressed signal streaming, the second scenario. In such case, a
single low-power ARM Cortex-A53 core is sufficient for simultaneous real-time CS reconstruction and classification on the
smartphone, while keeping the total system power within budget for uncompressed streaming.

1. Introduction

Asthma is a chronic respiratory disease that affects more than
300 million patients [1]. One of its specific symptoms is the
occurrence of so-called “asthmatic wheezing” in respiratory
sounds, caused by constriction of bronchial airways [2, 3].
Asthmatic wheezing is assessed by auscultation of either
patient’s chest, back, or neck [4, 5]. Being noninvasive
and not requiring patient cooperation, quantification of
wheezing proves beneficial as an independent method for
diagnosis and continuous monitoring of asthma [6]. It is
especially suitable for diagnosis of asthma in children and
nocturnal asthma [7, 8], where traditional spirometry-based
methods of assessment of respiratory function parameters
are not appropriate (i.e., home peakflowmetry). Automated
quantification of wheezing is performed on respiratory
sounds recorded by a single acoustic sensor [4, 9]. It entails

identification of an unknown number of intermittently
appearing, temporally evolving frequency lines, embedded
in respiratory noise [4]. Algorithm implementing this
processing-intensive task most commonly combines spec-
trotemporal features drawn from the short-term Fourier
transform (STFT) [10–14], Mel-frequency cepstral domain
(MFC) [15, 16], wavelet transform [17, 18], empirical mode
decomposition [19], and a variety of classification schemes,
including decision trees [10, 12], neural networks [18], and
support vector machine [13–15, 18]. Detailed reviews given
in [12, 18, 20] report classification performance ranging on
average from 90 to 95% of sensitivity and specificity. Build-
ing upon the existing analysis of low-power DSP imple-
mentable wheeze detection algorithms [12, 21], we fix the
algorithm choice to the STFT frequency line tracking algo-
rithms based on either the empirical rules [12] or the hid-
den Markov model (HMM) [22, 23]. Both yield similar,
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representative classification performance of 87–89% sensi-
tivity and 93–96% specificity.

Commonly envisioned concept of an m-Health sensor
system for quantification of asthmatic wheezing consists
of a smartphone and a wireless acoustic sensor [24–26].
In recent years, some commercial products have appeared
on the market, featuring the smartphone-based electronic
asthma diary application, accompanied by the wheeze
quantification sensor in the form-factor of a hand-held
on-demand measurement device [27]. In order to allow
continuous patient monitoring, current research efforts are
aimed towards enabling construction of wearable (body-
worn) wheeze quantification sensors [12, 13, 16, 17, 28],
consisting of the following subsystems: acoustic transducer
(sensor), analog signal conditioning circuit, A/D con-
verter, a power-efficient digital signal processing unit, and a
low-power digital radio module for communication with
the smartphone.

Being battery powered, both the wearable sensor and the
smartphone are power-constrained devices. Thus, the main
criteria guiding the design of an m-Health asthma quantifica-
tion sensor system are (1) minimization of power consump-
tion and (2) retention of sufficient respiratory sound
classification accuracy. Trade-off between mentioned criteria
is affected by (1) the choice of respiratory sound classification
algorithm, (2) the system architecture in terms of organiza-
tion of signal acquisition, processing, and communication
between the wearable sensor and smartphone, and (3) the
characteristics of hardware components implementing each
particular subsystem [29].

System-level analysis presented in this paper contributes
by proposing how to power-efficiently organize a
processing-intensive wheeze detection sensor system, con-
sisting of a wireless wearable acoustic sensor and a smart-
phone. Specifically, we aim to quantify the universal trade-
off between the power cost of acquisition, processing, and
communication [29], for this specific processing-intensive
application. Also, we provide generalized guidelines on
hardware component architectures best fitting the applica-
tion. The analysis builds up upon our extensive prior research
on novel energy-efficient signal acquisition and wireless
transport schemes [30], design of specialized low-power

wheeze recognition algorithms suitable for running onboard
energy-constrained devices (sensor node and smartphone)
[12, 23], and verification of all subsystems on several hard-
ware laboratory prototypes [12, 22, 31, 32].

The paper compares total power requirements of the sen-
sor system in three different operating scenarios shown in
Figure 1. In the first, referent operating scenario, the sensor
acquires the signal at Nyquist rate. Apart from signal acqui-
sition, no particular DSP processing tasks are performed on
the sensor. Raw signal is streamed uncompressed via low-
power radio communication interface over to the smart-
phone, where the respiratory sound classification algorithm
is executed [24, 26]. The scenario is motivated by the idea
of simplification of the sensor design and using the smart-
phone as the main signal processing platform, in order to
simplify development and maintenance of respiratory sound
classification software.

In order to lower the data rate and consequently the aver-
age power required for streaming, the signal from the sensor
to a smartphone, the second scenario, exploits the compress-
ibility of respiratory sounds in the frequency domain [30, 33]
and applies a concept of compressed sensing (CS) [34, 35]. By
combining signal acquisition and compression in a single lin-
ear transformation step (i.e., CS encoding), CS in comparison
to classic audio coding techniques [36, 37] enables simulta-
neous lowering of the data rate, while retaining the low com-
plexity of signal processing on the sensor. Here, the CS
encoding on the sensor is performed by pseudorandomly
subsampling the signal [31], effectively compressing it. The
compressed signal is streamed over to the smartphone. By
knowing the subsampling pattern, the CS decoder subsystem
block obtains a reconstruction of the compressible STFT
spectra from the CS-encoded signal [30, 32]. Finally, a robust
hidden Markov model- (HMM-) based frequency line track-
ing algorithm [23] implemented on a smartphone [22]
enables for wheeze detection from reconstructed spectra at
less than 5% loss of classification accuracy.

In the third scenario, Nyquist rate signal acquisition
and respiratory sound classification are performed onboard
the wearable sensor, such as in [13, 16]. Here, we compare
the processing burden of the DSP implementations of robust
frequency line tracking based on HMM [22, 23] to the
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Figure 1: Analyzed operating scenarios: (1) raw, uncompressed signal streaming (referent), (2) streaming of CS-encoded signal, and (3)
classification onboard the wearable sensor.

2 Journal of Sensors



frequency-tracking algorithm mimicking the nearest neigh-
bor association previously presented in [12], analogous to
[10]. The sensor periodically reports the classification result
to the smartphone. The scenario is aimed at minimizing the
data traffic between the wearable sensor and the smartphone
and making the wearable sensor independent with respect to
radio link quality and smartphone-processing resources [38].

The paper is organized as follows: In Section 2, each of
the sensor’s subsystems is analyzed from the aspect of power
efficiency. Based on this, total sensor power consumption is
analyzed for each operating scenario in Section 3. In parallel,
estimates for the power spent onboard the smartphone are
given in Section 4. Finally, sensor system power consumption
estimates are derived in Section 5. The paper is concluded in
Section 6.

2. Power Analysis of the Wearable
Sensor’s Subsystems

2.1. Sensors and Analog Signal Conditioning. Requirements
for design of an acoustic sensor and associated analog signal
conditioning circuitry were derived from standardized guide-
lines for the respiratory sound acquisition [39–41]. First,
microphones and accelerometers were evaluated as acoustic
sensors. Microphones were chosen to exhibit flat frequency
response in bandwidth of respiratory sounds (i.e., 100 to
1000Hz) and accelerometers featuring a resonant frequency
well above the upper corner frequency.

Representative acoustic sensor technologies complying
with those requirements were evaluated: electret condenser
microphone (KEEG1542, Knowles), MEMS microphone
with analog output (ADMP404, Analog Devices; ICS-
40310, Invensense), andMEMSmicrophone with digital out-
put (ADM441, Analog Devices). Sensitivities of tested analog
microphones ranging from −42 to −37 dB and of digital
MEMS microphones were typically −26 dBFS (decibels rela-
tive to digitized full-scale reading). SNR varied from 50 to
62 dB. Capacitive MEMS accelerometers were chosen for
evaluation (ADXL337, ADXL345, and analog devices).

Comparison in Table 1 shows that among tested sensor
technologies, analog MEMS microphones feature the highest
power efficiency. It is shown that power consumption as low
as 16μW may be obtained using ICS-40310. However, the
common problem of low-powered analog MEMS micro-
phones is high output impedance. Electret condenser micro-
phones traditionally used in respiratory signal analysis
exhibit significantly worse power efficiency than their MEMS
counterparts. The tested model of the accelerometer, chosen

to fit into the power consumption budget of microphones,
exhibited the drawback of lower bandwidth and lower sensi-
tivity on its vertical axis, due to mechanics of the microma-
chined proof mass.

Advantage of the digital system-on-chip (SoC) acoustic
sensors, such as ADMP441 or ADXL355, is integration of a
complete signal chain, consisting of a microphone, audio
amplifier, ADC, and standard encoding of digitized output
signal (i.e., PDM, I2S, or SPI). However, this is paid with
the high overall power consumption and the lack of flexibility
(i.e., absence of a programmable amplifier and long wake-up
time from power down).

Design of the analog signal conditioning circuit for the
respiratory sound acquisition accommodates several func-
tionalities. First is the signal amplification, as typical sensor’s
output signal magnitudes reside in range of 1 to 10mV (as
shown by typical sensitivities in Table 1). Special attention
needs to be taken in case of MEMS microphones, as the
amplifier’s input is required to handle their output imped-
ance typically in order of kΩ. Bandpass filtering with lower
corner frequency of around 100Hz is required, to filter out
heart sounds. The upper corner frequency of the filter is
adjusted according to the signal sampling frequency in order
to prevent antialiasing. Assuming that the microphone
model is chosen such to filter out the low frequencies by its
frequency characteristics and that antialiasing is imple-
mented by a passive RC filter, a single instrumentation
amplifier may suffice for the signal conditioning require-
ments. Power consumption of such conditioning circuit,
implemented by INA333 [48], is estimated to 85–95μW by
Spice simulation.

2.2. Signal Digitization. Two signal sampling scenarios were
analyzed. The first is Nyquist rate signal sampling at sam-
pling rates of 2 to 8 kHz, and the second is the compressive
sampling (CS) at temporally nonuniform time instants, as
proposed in [31]. In case of the CS, analog-to-digital con-
verters (ADCs) were tested at sub-Nyquist sampling rates
of 250Hz to 1 kHz, corresponding to signal compression
ratios of 8x to 2x. Based on the results from [31, 39] and
[12], ADC resolution of 12 to 16 bits is required for the CS
DFT/DCT spectrum reconstruction and the respiratory
sound classification. Thus, the power efficiency tradeoffs of
12-, 16-, and 2-bit successive approximation (SAR) and
sigma-delta ADCs were compared.

ADCs were assumed operating on demand (triggered
by a signal processor) and entering power-saving state
after completing each conversion (duty cycling). Thus,

Table 1: Comparison of acoustic sensors’ power consumptions.

Technology Component Sensitivity Imped Power

MEMS microphone, digital (I2S) ADMP441 [42] −26 dBFS — 2520 μW at 1.8V

Electret condenser microphone KEEG1542 [43] −42 dB 2.2 kΩ 1000 μW at 2.0V

Analog accelerometer ADXL337 [44] 300mV/g 32 kΩ 900 μW at 3.0V

MEMS microphone, analog ADMP404 [45] −38 dBV 200Ω 375 μW at 1.5V

Accelerometer, digital (SPI) ADXL345 [46] 3.9mg/LSB — 350 μW at 2.5V

MEMS microphone, analog ICS-40310 [47] −37 dBV 4.5 kΩ 16 μW at 1.0V
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components supporting “burst mode,” “single-shot,” or
“auto-power-down” combined with fast wake-up times
were selected for the analysis. The components of different
nominal throughput were compared to evaluate the poten-
tial benefit of using short active and long-sleep periods.

A list of evaluated components alongside with their
respective performance is listed in Table 2. Each compo-
nent’s total active time was estimated from its power-up time,
number of erroneous conversion samples, and conversion
time. Finally, we extrapolated average power spent by each
component at sampling frequencies spanning from 250Hz
to 8 kHz. Average power was obtained from its total active
time, power declared at their nominal sampling rate, and
the declared sleep mode power.

Results shown in Figure 2 confirm that the lowest con-
sumption is obtained for ADCs featuring a combination of
the lowest supply voltage and the lowest active and sleep
current and supporting high throughput (i.e., short active
time). Specifically, for the required range of sample rates,
SAR models show clear advantage in the average power

consumption over the sigma-delta counterparts. In case of
12-bit converters, SAR yields around 9 times lower average
power than the comparable sigma-delta model, while at
16 bits, the difference increases to more than 24 times. With
the 24-bit sigma-delta ADC, 1mW suffices for the average
sample rate of merely 500Hz. Thus, 16-bit SAR ADC archi-
tecture is considered optimal for respiratory sound digitiza-
tion. It consumes in range of 4 to 123μW while operating
at sample rates between 250Hz and 8 kHz. In respect to 12-
bit SARs, 16-bit SAR requires about 50% more power.

2.3. Signal Processing

2.3.1. Processing Cores for Respiratory Sound Classification.
Power consumption required for execution of the wheeze
detection was evaluated for two studied algorithms: for
empirical rule-based frequency-tracking algorithm [12] and
the HMM-based wheezing frequency algorithm [22, 23].
Both algorithms were first implemented, trained, and tested
in Matlab on a dataset of prerecorded respiratory sounds.
Details on dataset’s size, constitution, and origin are given
in [12, 23]. After that, algorithms’ performance and execu-
tion speed were individually verified on a selection of repre-
sentative processing cores: an audio DSP TMS320C5505
(Texas Instruments, [12]), an ARM Cortex-M4 Bluetooth 4
SoC BGM113 (Silicon Labs), and an ARM Cortex-A9 smart-
phone SoC Exynos 4 (Samsung Galaxy S2, [22, 23]). In the
following section, we generalize these findings, by assessing
algorithms’ execution efficiencies for a broad range of com-
mercial processing core architectures.

As a universal rule, we focused on processing cores fea-
turing the lowest active-state power at the highest operating
frequency, in combination with the low sleep state power,
due to their potential to yield the lowest average power
[54, 55]. Table 3 summarizes a list of the cores used in the
benchmark. Three categories of processing cores were ana-
lyzed. The first was audio DSP processors. Advantage of
dedicated DSPs is that their proprietary cores are designed
to feature the architectural features accelerating execution
of the DSP functions, such as multiply-and-accumulate units,
barrel shifters for floating point operations, vector multiply,
hardware FFT coprocessors, specific data transport I/O units
such as I2S [56]. Also, they are typically supported with
extensive library of software functions for the audio process-
ing. Lowest-power 16-bit fixed-point DSP cores were evalu-
ated for onboard signal processing: TMS320C5535 (Texas
Instruments) and ADSP2188N (Analog Devices). They were
compared to a legacy 16-bit 56xxx core MC56F8006 (Free-
scale Semiconductors) and higher powered 32-bit ColdFire
core MCF51MM128 (Freescale Semiconductors).

The second category was general purpose MCUs. Here,
we compared general purpose, high-performance 32-bit
ARM Cortex-M3 (STM32L151C8, ST Microelectronics)
to lower-powered ARM Cortex-M0 (LPC1102, Linear Tech-
nologies). Also, 32-bit ARM cores were evaluated against
proprietary 16-bit MSP430 core-executing code from an
ultralow power ferroelectric (FRAM) program memory
(MSP430FR572x, Texas Instruments). Also, a dedicated sig-
nal acquisition controller based on an older 16-bit ARM 7

Table 2: Parameters of the tested ADCs.

Technology Component ENOB
Nominal

sample rate
Average power

at 1 kSPS

12-bit SAR
ADS7924

[49]
11 10 kS/s 10 μW

16-bit SAR AD7684 [50] 14 100 kS/s 15 μW

12-bit
sigma-delta

ADS1014
[51]

12 3.3 kS/s 92 μW

16-bit
sigma-delta

ADS1114
[52]

16 0.860 kS/s 368 μW

24-bit
sigma-delta

ADS1251
[53]

19 20 kS/s 1.95mW
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Figure 2: Comparison of average power consumption of 12-, 16-,
and 24-bit SAR and sigma-delta ADCs operating in duty cycle
mode with respect to sample rates from 250Hz to 8 kHz.
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core coupled with a high-resolution ADC (ADUC7060,
Analog Devices) was included in the test.

The third category was processing cores embedded in
system-on-chip (SoC) Bluetooth 4 communication mod-
ules. The latest generation SoC featuring 32-bit ARM
Cortex-M3 (CC2640, Texas Instruments) is compared to
two different ARM Cortex-M4 cores (nRF52832, Nordic
Semiconductors; BGM113, Silicon Labs). Aforementioned
cores were compared to previous generation SoCs featuring
lower-powered processing cores: 16-bit ARM Cortex M0
(nRF51422, Nordic Semiconductors) and 8-bit 8051 core
(CC2541, Texas Instruments).

Each core was benchmarked with the respiratory sound
classification algorithms [12, 23]. Number of mathematical
operations constituting each algorithm was modelled using
analytical expressions derived in [12, 23], respectively;
Number of additions and the multiplications was modelled
separately as elementary instruction types with different
power cost. Respective execution models show that the
execution times of both test algorithms are dominantly
dependent on two factors: (1) number of the observed fre-
quency states (bins) M defined by DFT frequency resolution
and (2) the spectral content of the input signal. Namely,
execution of both algorithms is linearly proportional to
the number of frequency lines L. Thus, in all test cases,
M and L are kept identical for both algorithms to enable
the comparison. M was varied in a span ranging from 32 to
maximally 128 frequency states. For input signal containing
wheezing, probabilities of occurrence of monocompo-
nent (L = 1), two-component (L = 2), and three-component
(L = 3) wheezing are uniformly distributed.

Motivated by the execution time’s dependency of the sig-
nal content, a test environment was constructed to assess the
dependency of the average processing power consumption
with respect to the symptom severity, simulating realistic
operating conditions. Symptom severity was modelled by
two variables: (1) wheeze rate, and (2) symptom rate. Wheeze
rate, a percentage of respiratory cycle obstructed by wheez-
ing, was varied in the range of 0% to 50% (e.g., 25% wheeze

rate is reported as a severe obstruction of airways, experi-
enced only during asthmatic attacks [7, 8, 69, 70]). Symptom
rate is the frequency of occurrence of respiratory cycles con-
taining wheezing, expressed as percentage, ranging between 0
and 100%.

For each combination of wheeze rate, symptom rate, and
number of processed frequency states (M), execution time of
each algorithm was calculated on each processing core.
Cores’ operating frequency, register width with respect to
assumed 16-bit data width, and cost of multiplication with
respect to addition were taken into consideration. Knowing
the intervals between the consecutive processing tasks, pro-
cessing duty cycle was calculated from the execution time
(i.e., portion of time spent in active state). Finally, the average
processing power consumption was calculated, using the
power spent in active and sleep state. As processors generally
feature more than one low-power state, sleep power was esti-
mated to correspond to the low-power state, in which all the
required periphery for short wake-up and periodic sampling
by ADC (DMA and PLL) is operative, and the memory con-
tent is retained.

Example results in Figure 3 show an increase in average
power and processing duty cycle proportionally to the symp-
tom rate and the wheeze rate, for the HMM-based algorithm.
The figure contrasts the algorithm execution on two different
processing cores: 100MHz 16-bit audio processing DSP
(C5535, Texas Instruments) and 25MHz 16-bit MSP430
general purpose low-power MCU. Due to 4 times lower clock
frequency, processing on the MCU results in proportionally
higher processing duty cycle (worst-case approx. 22% active
time, with respect to 5% on the DSP). However, due to lower
sleep power of the MCU, comparable power consumption is
achieved by both cores, with the audio DSP being approxi-
mately only 7% more efficient.

In a similar manner, average power consumption dis-
tributions of Bluetooth 4 SoCs featuring different process-
ing cores are compared in Figure 4. The best overall
results are obtained on the 64MHz ARM Cortex-M4 core
(nRF52832), ranging from 308 to 452μW. 48MHz ARM

Table 3: Parameters of the tested digital signal processors.

Processing core Component
Freq.,
MHz

Active,
μW/MHz

Sleep,
μW

Audio DSP, 32-bit ColdFire MCF51MM128 [57] 50 1740 84.0

Audio DSP, 16-bit 56800E MC56F8006 [58] 32 4282 521.4

Audio DSP, 16-bit ADSP-21xx ADSP2188N [59] 80 562 180.0

Audio DSP, 16-bit C55xx TMS320C5535 [56] 100 220 220.0

High-perf. MCU, 32-bit ARM Cortex-M3 STM32L151C8 [60] 32 540 25.0

Signal acq. MCU, 16-bit ARM 7 TDMI ADUC7060 [61] 10 775 137.5

Low-power MCU, 32-bit ARM Cortex-M0 LPC1102 [62] 50 462 6.6

Low-power FRAM MCU, 16-bit MSP430 MSP430FR572x [63] 24 275 19.2

Bluetooth SoC, 8-bit 8051 CC2541 [64] 32 628 2.7

Bluetooth SoC, 16-bit ARM Cortex-M0 nRF51422 [65] 32 495 6.9

Bluetooth SoC, 32-bit ARM Cortex-M4 BGM113 [66] 38.4 307 2.7

Bluetooth SoC, 32-bit ARM Cortex-M3 CC2640 [67] 48 110 4.9

Bluetooth SoC, 32-bit ARM Cortex-M4 nRF52832 [68] 64 100 1.7
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Cortex-M3 (CC2640) lags behind as the second, consuming
348 to 505μW. BGM113, although featuring the same core
as the nRF52832 (ARM Cortex M4), yields 3 times higher
power consumption, mainly due to 3 times higher active

power and approximately 2 times lower clock frequency.
Legacy Bluetooth SoC module featuring 8051 (CC2541)
proves suboptimal for respiratory sound processing, due to
8-bit architecture, low clock frequency, and so on.
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Figure 3: Comparison of processing power consumption and active-state duty cycles of a typical 16-bit audio DSP and general purpose low-
power MCU.
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The overall results are shown in Figure 5. In Figure 5(a),
all cores are sorted by the worst-case power consumed for
processing of wheezing with respect to the power con-
sumed for processing of normal respiratory sound, by both
algorithms. The results are shown for fixed, maximal
M=128. It can be seen that for HMM-based algorithm,
the processing of wheezing may require approximately
up to 45% more power than processing of normal respira-
tory sounds. On the other hand, referent algorithm shows
negligible difference, as it gradually reduces dimensionality
of data.

The best results are obtained for ARM Cortex-M4
and M3 cores embedded in Bluetooth 4 SoCs (nRF52832
and CC2640) and with dedicated low-power audio C55xx
DSP (TMS320C5535). On the other hand, the worst effi-
ciency is obtained with ADUC7060 signal acquisition con-
troller, high-performance 32-bit ColdFire audio DSP core
(MCF51-MM128), and the legacy 16-bit 568xx DSP core
(MC56F8006).

The average-case and the worst-case processing duty
cycles are compared in Figure 5(b), to potentially identify
cores failing to meet constraints of the real-time process-
ing. The results show that least resources are spent by
dedicated audio DSPs TMS320C5535 (worst case 10% of
processing time) and ADSP2188N. On the other hand, it is
shown that due to low maximal clock frequency (only
10MHz), ADUC7060 signal acquisition controller hardly
meets the worst-case real-time requirements when running
the HMM-based classification algorithm (with M = 128 hid-
den states). Also, 8051 and MSP430 spend high portions of
their processing time, 60% and 40%, respectively.

Finally, efficiencies of the HMM-based and referent crest-
tracking respiratory sound classification algorithms are com-
pared with respect to the number of the processed frequency
states (bins) M in Figure 6. At the maximal M = 128, the

HMM-based algorithm requires approximately 1.5 times
more power with respect to the referent algorithm. However,
as execution time of the HMM-based algorithm scales with
M2, its power requirements may be significantly reduced by
lowering the number of processing states (e.g., focusing the
algorithm on a narrower frequency band of interest). The
red line depicts the intersection at which processing power
consumption requirements of both algorithms are equalized.
In worse case of the processing of respiratory sounds with
wheezing, this boundary lays at approximately M = 64. For
HMM algorithm, operating on signal sampled at 2 kHz, this
would mean narrowing the bandwidth of the observed sig-
nal to 500Hz. Nevertheless, this is considered sufficient for
classification (see [12]).

2.3.2. Processing Cores for CS Encoding. Here, we evaluate
power requirements for the CS signal encoding implemented
by sub-Nyquist sampling of the analog input signal at the
nonuniform pseudorandomly spaced sampling instants [30,
31]. The choice of encoder was motivated by the fact that
the mentioned CS encoder design requires minimal number
of digitized signal samples, thus enabling the highest savings
of active power in signal acquisition subsystem (i.e., ADC’s
and MCU’s active time spent on acquisition, data handling,
and storage) [71]. Also, it enables for simple implementation
in microcontroller’s firmware or a dedicated digital hardware
[31]. Finally, it enables for easy and energy-efficient synchro-
nization of pseudorandom number generators between sen-
sor and the receiver/smartphone side (with minimal data
transmission overhead) [30]. As the ADC power has already
been covered in Section 2.2, this analysis focuses on power
spent on the processing tasks implementing the LFSR pseu-
dorandom number generator and the sampling period
scheduler blocks in the MCU software and operation of
the 16-bit timer MCU peripheral unit.
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Figure 5: Wheeze classification algorithms’ benchmark performed on a list of processing cores.
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The processing tasks required for sampling of a single
CS-encoded sample include (1) generation of the next LFSR
pseudorandom output, (2) scheduling of the next sampling
instant, (3) setup of the timer, (4) and triggering the ADC
conversion. Cost of the MCU implementation within Free-
RTOS was empirically verified on a prototype implementa-
tion on MSP430 to approximately 150 instructions per
single CS-encoded sample. Cost of the timer operation was
estimated from the MCU manufacturer data (e.g., [67]) and
scaled with the clock frequency.

The total cost of CS encoding was simulated for a range of
CS sub-Nyquist sample rates corresponding to compression
ratios of 2x, 4x, 5.33x, and 8x with respect to the Nyquist
sampling frequency of 2 kHz. In addition to MSP430, power
cost of the CS encoding was simulated on several additional
MCU cores: ADUC7060 signal acquisition controller and
MCUs within Bluetooth 4 SoCs: nRF52832, CC2640,
BGM113, nRF51422, and CC2540.

Average power and the processing duty cycle required for
the CS encoding with the increase of compression ratio are
shown in Figure 7. The results show that the most efficient
implementation may be achieved on Bluetooth 4 SoC ARM
Cortex cores. On the nRF52832 power for the CS encoding
ranging from 17 to 63μW, while on the CC2640, it costs
22 to 73μW. It is shown that CS encoding on the
nRF52832 in the worst-simulated case spends less than 1%
of the processing time.

2.4. Bluetooth Communication. Bluetooth 4 (i.e., Bluetooth
Smart, Bluetooth Low Energy) radio technology was evalu-
ated for the wireless data transfer, as it enables for interoper-
ability with smartphones and medical certification [72],

while retaining low-power operation. The highest level of
integration of Bluetooth radios is provided with system-on-
chip (SoC) modules, packaging together a digital radio, a
radio controller implementing the Bluetooth stack, an appli-
cation processor, and a variety of standardized embedded
peripheral interfaces.

The following state-of-the-art Bluetooth 4 SoCs were
analyzed: CC2640, CC2541 (Texas Instruments), BGM113
(Silicon Labs), and nRF52832 (Nordic Semiconductors).
Table 4 compares their average power in the most typical
operating states: radio transmission (TX), radio listening
(receiving, RX), and sleep. The power reduction in TX and
RX in order of 2 to 3 times can be observed when comparing
the previous and the actual generations of Bluetooth 4 SoCs
(CC2541 with respect to CC2640, nRF52832, and BGM113).
The increase of processing capabilities enables for the imple-
mentation of respiratory sound classification algorithms
(e.g., [12, 13, 16]) onboard SoC’s application processor.

Bluetooth 4 communication protocol is designed with
the premise of fostering the lowest average power, by featur-
ing intermittent, short active time (TX, RX) of the radio, in
combination with long sleep time in between connection
intervals. Data packets are exchanged only at predefined peri-
odical connection intervals, during the so-called connection
events. Upon completion of the connection event, the radio
is put to sleep until the next one [73]. Duration of a connec-
tion event is minimized by high communication throughput
(typically 2 Mbit over the air). Typical waveform of the
CC2640 radio’s power supply current measured during the
connection event, segmented into a sequence of common
power states, is shown in Figure 8 (see descriptions for the
labels 1 to 6).
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Due to numerous parameters influencing durations of
each power state, we focused our power analysis on the
CC2640, as it offers extensive Bluetooth power estimation
guidelines [73], power simulation tools [74], and data [67].
The analysis assumes following parameters and limitations
of CC2640. The power was measured at the supply voltage
of 1.8V. Output power of the transmitter was set to 0 dBm
as communication between the sensor and the smartphone
is taking place at the very short range (i.e., <10m). Maximal
payload size during a single connection event was limited by
the Bluetooth software stack to maximally 256 bytes. Time
between the successive connection intervals may range from
7.5ms to maximally 4.0 s.

With the given constraints, the average power consump-
tion spent on communication was calculated for each of the
three operating scenarios: Firstly, in the scenario of stream-
ing of uncompressed data, we analyzed cases of sampling
(i.e., streaming) rates of 8 and 2 kHz. There, 8 kHz corre-
sponds to the case of using the referent empirical rule-
based spectral crest-tracking classification algorithm [12]
on the smartphone (requiring DFT block size N = 512, with
75% overlap). On the other hand, 2 kHz corresponds to
classification on smartphones by the HMM-based algorithm

[21, 22], on signal blocks of N = 256 samples, overlapped by
75% as well.

Secondly, in the scenario of streaming of the CS-
compressed signal, we analyzed 4 different compression
ratios with respect to the 2 kHz Nyquist frequency: 2x, 4x,
5.33x, and 8x. Payload size is calculated with respect to orig-
inal signal block size of N = 256 and 75% overlap, as the
HMM-based classification algorithm [21, 22] is assumed.
Also, each TX payload size is increased by 2 additional bytes
needed for the pseudorandom seed.

Finally, in the third scenario of the respiratory sound
classification onboard sensor, the binary block-wise classifi-
cation outcome is encoded in a periodically sent report mes-
sages. The connection period and payload size depend on the
classification algorithm (sampling frequency, signal block
size) and payload content, whether the stream of raw binary
classification outcomes corresponding to each signal blocks
is sent or if wheeze rate is calculated for a predefined tempo-
ral window. For all scenarios, 2-byte acknowledged RX mes-
sage is assumed.

In the analysis, relative contributions of the payload size
and connection interval were compared for each operating
scenario, by accumulating (buffering, storing) the TX data
on the sensor across multiple connection intervals until
reaching the maximal payload size and then transmitting it
in bulk. Table 5 summarizes the tested scenarios, nominal
payload sizes, and the span of possible connection intervals
supporting the transmission, given the payload size limita-
tions (i.e., 256 bytes on CC2640).

Spans of the average power required for the communi-
cation in each operating scenario with respect to time
between successive Bluetooth connection events are shown
in Figure 9. It is shown that due to very short active times
(i.e., high data rate), sleep power spent in between the
connection intervals influences the average communication
power much more than the change of payload size. This
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Figure 7: Comparison of processing cores’ consumption and active-state duty cycles for CS encoding.

Table 4: Parameters of the tested Bluetooth 4 SoC modules.

Component
Application
processor

TX,
mW

RX,
mW

Sleep,
μW

CC2541 [64] 8-bit 8051 36.4 35.8 2.0

BGM113 [66]
32-bit ARM
Cortex-M4

16.3 16.1 2.6

nRF52832 [68]
32-bit ARM
Cortex-M4

13.1 12.0 2.8

CC2640 [67]
32-bit ARM
Cortex-M3

11.3 10.9 1.9
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causes the average power to exponentially fall when increas-
ing the connection interval. Thus, we propose to maximally
prolong the (sleep) time between connection intervals by
accumulating the data, filling each transmission packet up
to the maximal payload size.

The best-case results for each scenario obtained in a sim-
ilar manner are highlighted in Table 5. The Nyquist rate data
streaming proves most costly, costing 914μW at 8 kHz.
Drastic decrease of power in case of the Nyquist rate stream-
ing at 2 kHz originates from doubling the connection inter-
val. The identical mechanism is the reason for decrease
from 168 to 81μW when stepping-up from the CS compres-
sion ratio of 2x to 4x. On the other hand, minimal difference
in the average power is observed in cases of identical connec-
tion intervals, where only the payload size was increased
(e.g., at the CS compression ratios 4x, 5.33x, and 8x). In
the scenario of onboard classification, the minimum average
power of only 8μW is achieved at the maximal connection
interval of 4 s.

3. Wearable Sensor’s Total Power Consumption

Analysis of the total sensor power consumption is given here.
Three operating scenarios from Section 1 are compared: (1)
the onboard classification, (2) the CS signal streaming, and
(3) the streaming of uncompressed Nyquist rate signal. For
each scenario, the total power is calculated by summing up
contributions of the acoustic sensor, analog conditioning,
A/D conversion, processing, and Bluetooth communication
subsystem, based on results presented in Section 2.

To enable the comparison of all three operating scenar-
ios, the analysis assumes a wearable sensor constituting of
common subsystem components. An analog MEMS micro-
phone (such as ICS-40310) is combined with analog front-
end from Section 2.1 for conditioning and 16-bit SAR ADC
(e.g., AD7684) for digitalization. Processing and communi-
cation are implemented on the Bluetooth 4 SoC featuring
the ARM Cortex-M4 processing core, proven optimal for
both onboard classification and CS-encoding tasks (see
Section 2). For completeness, the analysis is based on the
representative CC2640 SoC. In the scenario of onboard clas-
sification, the number of processed frequency states is equal-
ized for both classification algorithms to M=64 to yield
comparable power. In the CS streaming scenario, range of
the CS compression rates was chosen to yield comparable
classification performance with respect to Nyquist rate signal
acquisition. According to [21, 30], the classification accuracy
is degraded by less than 5% for the CS compression ratios
lower than 5.33. Thus, the power analysis focused on com-
pression ratios spanning from 2x to 5.33x.

The total power consumption of the CC2640-based sen-
sor is compared in Figure 10. Being constantly powered
and architecturally identical in all scenarios, the microphone
and the analog conditioning circuit contribute equally to the
total power with 101μW. Power contributions of the remain-
ing subsystems are scenario dependent.

In the scenario of onboard classification, lower total
power is obtained for the case of the HMM-based algorithm
operating on a signal sampled at 2 kHz. The total average
power was 320μW, with a major share of 56% being taken

1
2

3

4

5

6

6 mA

500 us

Figure 8: Example waveform of current measured during a single Bluetooth 4 connection event. 1—real-time operating system wake-up,
radio setup; 2—radio turned on, transition to RX; 3—radio receiver listening (RX); 4—transition from RX to TX; 5—radio transmission
(TX) of the packet; 6—Bluetooth stack processing the received packets, setup of sleep timer, going to sleep [73].

Table 5: A list of tested communication scenarios, with best-case
average power.

Scenario, case
Min. payload
TX/RX, bytes

Conn. intvl.
span, ms

Min. avrg.
power, μW

Nyquist rate
streaming, fs 8 kHz

256/2 16–32 914

Nyquist rate
streaming, fs 2 kHz

128/2 31.25–62.5 373

CS streaming,
compr. 2x

(64+ 2)/2 31.25–125 168

CS streaming,
compr. 4x

(32+ 2)/2 31.25–250 81

CS streaming,
compr. 5.33x

(24+ 2)/2 31.25–250 79

CS streaming,
compr. 8x

(16+ 2)/2 31.25–250 77

Class. result
reporting

2/2 125–4000 8
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by the classification algorithm. As a comparison, the classifi-
cation using the referent crest-tracking algorithm, requiring
the signal digitized at 8 kHz, results in 31% higher sensor
power (i.e., 420μW).

In the scenario of streaming of the CS-encoded signal,
total power scales down as expected when increasing the
compression ratio. At higher compression ratios of 4x and
5.33x, it yields 228 and 216μW, respectively. Majority of this
power is spent on communication. However, the significant
processing share related to CS encoding occurring at low
compression ratios (e.g., 76μW for compr. ratio of 2x) points
to inefficiency of the MCU software implementation of
CS encoding.

As the scenario of uncompressed signal streaming vir-
tually excludes any processing, the largest portion of the
power is spent on communication (proportional to the
sample rate). In the best case (at 2 kHz, assuming classifi-
cation using the HMM-based algorithm on smartphone),
the total power was 505μW. At 8 kHz, it doubled to
1138μW. Thus, streaming the uncompressed signal proves
to be the worst solution.

Power analysis confirmed that the sensor performing the
CS encoding, operating at the compression rate higher or
equal than 4x, yields the lowest total power. By requiring less
power for processing, it outperforms the best case of onboard
classification 1.8 times (HMM algorithm with sample rate at
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2 kHz). Also, by reducing the communication cost, it yields
2.2 times lower total power with respect to uncompressed
signal streaming (at 2 kHz). This confirms usability of the
practically implemented CS encoding in systems where off-
loading the sensor in terms of power consumption is the
primary design criterion.

4. Smartphone Power Consumption

In the smartphone-centric wheeze quantification sensor
system (i.e., in both signal streaming scenarios), the major
contributors to smartphone’s power consumption are com-
munication and signal processing. Processing includes respi-
ratory sound classification and additionally, in the scenario
of CS streaming, CS reconstruction.

Processing cost is evaluated for typical system-on-chips
(SoC) integrating multiple processing cores, radio, and
peripheral units. Such are the Samsung Exynos 7420 SoC
[75] (Samsung Galaxy S6, Galaxy Note 5) and Samsung
Exynos 5433 SoC [76] (used in Samsung Galaxy Note 4,
Galaxy Tab S2). Both SoCs encapsulate 8 cores in the
so-called big.LITTLE configuration, consisting of a cluster
of 4 low-power ARM Cortex-A53 cores [77] and 4 high-
performance ARM Cortex-A57 [78] cores. Both cores are
based on ARMv8-A 32/64-bit architecture and feature archi-
tectural extensions supporting efficient digital signal process-
ing (i.e., NEON SIMD, VFPv4 floating point unit). Figure 11
compares Samsung Exynos 7420 and 5433 SoC’s per-core
active-state power consumptions.

4.1. Power Cost of CS Reconstruction on Smartphone. Power
cost of the CS reconstruction on smartphones was analyzed
for the representative orthogonal matching pursuit (OMP)
algorithm [30, 32, 79]. The OMP algorithm estimates a
K-sparse solution to the underdetermined M×N system
(M<N), by organizing it into the iterative procedure, in
whose each iteration one-after-another solution vector
element is estimated by solving an overdetermined system
(of the dimensionality growing with each iteration) using
the linear least squares method. As the calculation of the least
squares presents a major bottleneck of the algorithm, we ana-
lyzed two approaches to solving the least squares, one by uti-
lizing QR factorization and the other featuring the Cholesky
factorization. The computational complexities of both algo-
rithm implementations were modelled analytically, based
on the expressions derived for per-iteration computational
cost [35], shown in Table 6. N stands for the original signal
length, M is the compressed signal length, K is the number
of (sparse) signal components, i is the iteration number,
and A is the calculation cost of the CS measurement
matrix. The total cost was evaluated for the number of iter-
ation (termination condition) set to exactly K reconstructed
frequency components.

All simulations were performed using the fixed original
DFT/DCT block size of N = 256 (fs=2kHz), with the num-
ber of iterations K parametrized in range 4–32 and the num-
ber of subsampled signal elements M in the range 128–32,
yielding the compression ratios N/M of 2–8. The model was
fed with the architectural parameters of ARM Cortex-A53
and ARM Cortex-A57 processing cores featured in Exynos
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Table 6: Analytical models of computational and storage complexities of the OMP algorithm per single iteration, taken from [35].

Implementation Computational cost Storage cost

OMP, QR factorization 2MK + M + A + N 2(M + 1)K + 0.5 K(K + 1) + A + N

OMP, Cholesky factorization 3A+ 3 K2+ 2M+ N 0.5 K(i + 1) + A + M + 2K+ N
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7420 smartphone SoC. Single-core operation is simulated.
From estimated total processing times and required process-
ing intervals, occupancies of the processing cores (i.e., pro-
cessing duty cycles, in %) and the associated increment in
cores’ average power consumption were calculated. Incre-
ments in average power consumptions obtained by executing
the OMP featuring QR and Cholesky factorization are
compared in Figure 12 for case of the smartphone ARM
Cortex-A53 core running at 1.5GHz. In general, OMP’s
processing time (i.e., average power) grows proportionally
with both K and M and is more sensitive to M. The imple-
mentation featuring QR factorization yields about 2.5 times
less power than the implementation with Cholesky; thus,
the version featuring QR is considered optimal and is further
analyzed within the rest of the study.

Spans of average powers required for OMP execution on
A57 and A53 processing cores within Exynos SoC with
respect to range of cores’ respective clock frequencies are
shown in Figure 13(a). In the worst case, obtained for the
maximal M and K, the power on the low-power A53 core
(blue) ranges from 3.7mW at 400MHz to 10.4mW at
1500MHz. On the high-performance core A57 (orange),
13.8–32.9mW is required, for the frequency span of 800–
2100MHz. Analogously, Figure 13(b) depicts associated pro-
cessing time duty cycles. Processing time, dropping inversely
with clock frequency, spans in the worst case from 2.8% to
10.7% on A53 (blue) and from 2.0% to 5.3% on A57 (orange).

However, in the typical use case, lower M is utilized in
order to implement higher compression ratio. Also, depend-
ing on the signal sparsity (compressibility), the number of
reconstructed spectral components Kmay be chosen reason-
ably low (e.g., K = 8 16). Thus, the power consumption
would range from 1.2 to 2.4mW on A53 core running at its
maximal 1500MHz. By scaling the frequency down to
400MHz, the power drops to 400–850μW, at the cost of

higher processing duty cycle, spanning between 1.2 and
2.4% of core’s processing time. The analysis shows that single
ARM Cortex-A53 processing core entails sufficient resources
for real-time execution of the OMP (QR) CS reconstruction.

4.2. Power Cost of Respiratory Sound Classification on
Smartphone. Resource requirements for respiratory sound
classification were evaluated for case of the proposed
HMM-based respiratory sound classification algorithm
[21, 22] digitized at fs of 2 kHz (DFT block size N = 256,
75% overlap). We analyzed the worst-case execution time
obtained at the maximal symptom occurrence rate (100%)
and for the wheeze rate of 50%. Number of the processed fre-
quency states (i.e., DFT bins)Mfreq and the processing core’s
frequency were taken as parameters. The processing core’s
parameters were set as for OMP in Section 4.1.

According to the results in Figure 14(a), the worst-case
power cost of the classification on high-performance ARM
Cortex-A57 core spans between 1.7mW at 800MHz and
4.0mW at 2.1GHz. On the other hand, lower power may
be obtained on ARM Cortex-A53, ranging from 400μW at
400MHz to 1.2mW at 1.5GHz. The algorithm typically
requires well below 1.0% of the processing time (see
Figure 14(b)). In the case of the HMM-based algorithm opti-
mized to operate on a reduced number of the frequency states
(e.g., Mfreq = 64), the average power on Cortex-A53, operat-
ing at the minimal clock frequency of 400MHz, would drop
to 158μW, occupying around 0.45% processing time.

5. System-Level Power Consumption

The total system-level power consumption is comprised of
the sensor’s power analyzed in Section 3 and the power
spent onboard the smartphone. Complexity of typical
smartphone’s hardware architecture (multicore processing
units, multiple wireless communication interfaces, storage
devices, screens, peripheral units, etc.), heterogeneity of
hardware components, and high-complexity operating sys-
tem software governing the allocation of hardware resources
and power management policies complicate mW-accurate
system-level modelling.

Total power of smartphone models featuring processing
cores such as those analyzed in Section 4 typically ranges
from 120 to 550mW [31, 75]. In order to foster a meaningful
comparison with the sensor’s power, a simplified smartphone
power-estimate simulating only the incremental contribu-
tions to the smartphone’s active-state baseline power is given
here. Estimates on smartphones’ power requirements for
processing (i.e., cost of CS spectrum reconstruction and
respiratory sound classification) are based on results from
Section 4. Also, it is assumed that the increment in smart-
phone’s power consumption for Bluetooth communication
is comparable to the power of the sensor (Section 2.4).
Within these constraints, the total system-level power for
each of three operating scenarios was estimated. Table 7
summarizes the findings.

The worst-case system-level power consumption is
measured in the referent scenario featuring uncompressed
data streaming, tested for the range of sampling/streaming
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rates fs spanning from 2 to 8 kHz, and smartphone running
HMM classification algorithm. At 2 kHz, the total power
was estimated at 1.3mW, spanning to 3.6mW at sample rate
of 8 kHz.

The minimum overall system-level power consumption
is obtained in the scenario featuring classification onboard
the sensor. Here, the smartphone is free of any signal pro-
cessing tasks, and minimal power is spent on communication
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Figure 13: Span of processing resources required for execution of OMP on Exynos 7420 SoC ARM cores: low-power Cortex-A53 versus high-
performance Cortex-A57.
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Figure 14: Span of processing resources required for HMM-based respiratory sound classification algorithm on Exynos 7420 SoC ARM cores
(Cortex-A53, A57).

Table 7: Total system-level power consumption in the analyzed operating scenarios.

Scenario Sensor, μW Smartphone, proc., ΔμW Smartphone, comm., ΔμW Total, μW

Class. on the sensor, fs= 2–8 kHz 320–420 — 8 328–428

CS signal streaming, N/M= 5.33–2 216–357 460–2080 79–168 775–2605

Uncompr. Streaming, fs= 2–8 kHz 505–1138 158–632 373–913 1036–2683

14 Journal of Sensors



between peer devices. Thus, the majority of system power is
related to the sensor’s power, keeping the total system’s
power below 428μW.

In the CS signal streaming scenario, the total power
ranges from 775 to 2605 μW, for respective CS compres-
sion ratios spanning from 5.33x to 2x. It features at least
2.4x higher total system-level consumption with respect
to the sensor system with classification onboard the sensor
but brings up to 25% savings in total system-level power
with respect to the uncompressed signal streaming (at fs
of 2 kHz). Widespan of the total system-level power is pri-
marily influenced by its dependency on the CS compres-
sion ratio (yielding higher power requirements at low
compression ratio). Depending on the compression rate,
cost of CS encoding on the sensor is 2.5x to 6x lower than
the power required for execution of the HMM algorithm
in the scenario of onboard classification. On the smart-
phone, CS reconstruction poses the largest bottleneck,
costing 2.2 to 5.4 times more than classification with the
HMM-based algorithm. The power cost of its implementa-
tion (estimated at 158μW) is about 12% lower compared
to the implementation on the wearable sensor (180μW).

Power figures from Table 7 enable us to estimate the
effective sensor system runtime. For example, a wearable sen-
sor based around Texas Instruments CC2640 SoC, powered
from a 200mAh lithium coin-cell battery (CR2032) and a
suitable DC/DC voltage regulator featuring 85% efficiency,
would last for 50–66 days running onboard wheeze detection,
depending on the wheeze detection algorithm. In the same
conditions, a sensor node implementing CS sampling and
streaming would operate for 59–98 days (depending on com-
pression ratio), and the sensor node performing pure Nyquist
rate sampling and streaming, only 18–42 days (depending on
sample rate).

On the other hand, let us assume a smartphone consum-
ing on average 125mW, powered by a 2500mAh Li-Ion
accumulator (around 63 hours of base autonomy). Its
runtime would be shortened for less than 1 minute, 16–
66minutes, or 16–45minutes in respective scenarios on the
account of application-specific processing and communica-
tion. This estimate excludes any power spent by a dedicated
asthma diary mobile application on data visualization and
user interaction, which may put additional heavy power
burden on the smartphone’s LCD screen.

6. Conclusion

With power consumption being one of critical parameter in
designing wearable sensor systems, the goal of this analysis
was to provide generalized knowledge on how different ana-
log/digital processing hardware architectures and communi-
cation technologies handle the specific task of wearable
asthmatic wheeze detection. The analysis covered three typ-
ical operating scenarios differing with respect to distribution
of signal digitization, processing, and communication across
the wearable sensor system. In addition to exact power
figures reflecting the current state of the technology, analysis
provided relative relations between different hardware archi-
tectures and component families, which can be used to guide

similar and future designs in the high-impact field of wear-
able physiological signal monitoring devices.

Given the processing-intensive application, it is shown
that the minimal end-to-end system power consumption
(both sensor and smartphone) is achieved by implementing
processing onboard the wearable sensor (328 to 428μW).
This scenario minimizes the power spent on communica-
tion, and the bottleneck consumer is the sensor’s signal
processing subsystem. The comparison of the proposed
respiratory sound classification algorithms (HMM-based
algorithm from [23] and referent frequency-tracking algo-
rithm [12]) has shown that both algorithms feature com-
parable execution times. However, HMM-based algorithm
lowers signal digitization power requirements by operat-
ing with signal digitized at only 2 kHz and in lower SNR
conditions [23].

The analysis of acoustic sensors, analog signal condi-
tioning, and ADC architectures has confirmed that analog
MEMS microphones feature the greatest power efficiency
for our application, totaling about 100μW including the
proposed analog signal conditioning circuit. For signal
digitization, 16-bit successive approximation (SAR) ADC
architecture proved optimal. Power analysis of the pro-
cessing subsystem has shown that 32-bit ARM Cortex
M3/M4 cores embedded within the Bluetooth 4 SoC mod-
ules feature the optimal trade-off between performance and
power consumption.

Application of CS enables for construction of the system
featuring a wearable sensor consuming minimal power (216
to 357μW). This poses great implications on manufacturing
costs of the wearable sensor as it enables for simpler (thus
cheaper) hardware/firmware design. Also, it lowers the
software development and maintenance and updates costs,
by moving most of the software development from the
sensor to the smartphone (i.e., from the domain of special-
ized MCU-/DSP-embedded firmware development, to
common Android Java mobile application development).
The biggest merit of the CS in comparison to the conven-
tional compression techniques is that it minimizes the
sensor’s power, while simultaneously keeping the total sys-
tem power lower or equal to the uncompressed streaming
scenario. CS asymmetrically redistributes power load, redir-
ecting it from sensor’s acquisition, processing, and commu-
nication subsystems into the smartphone’s processing
subsystem. On the smartphone, CS reconstruction is the
major bottleneck, costing in the case of OMP algorithm 2.2
to 5.4 times more than the classification. A single low-
power ARM Cortex-A53 processing core running at the
minimum frequency (e.g., 400MHz) suffices for real-time
CS reconstruction and classification.

In the next step, collected knowledge shall be used for
advancing to the next step of technological readiness, entail-
ing a construction of an integrated hardware prototype suit-
able for trials on patients. Specific engineering challenges
expected on this path may include some of general limita-
tions related to acoustic sensing modality: sensitivity to
mechanical coupling [9, 40], external interferences (e.g.,
speech, heart sounds [4]), and noise (sensor contact noise,
background noise [5]).
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Abbreviations

ADC: Analog-to-digital converter
CS: Compressed sensing/compressive sampling
DCT: Discrete cosine transform
DFT: Discrete Fourier transform
DMA: Direct memory access
DSP: Digital signal processor
HMM: Hidden Markov model
I2C: Interintegrated circuit bus
MCU: Microcontroller unit
OMP: Orthogonal matching pursuit
STFT: Short-term Fourier transform
PLL: Phase-locked loop
RX: Receive
SAR: Successive approximation
SoC: System-on-chip
SPI: Serial peripheral interface bus
TX: Transmit.
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