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5G IoT System for Real-Time Psycho-Acoustic
Soundscape Monitoring in Smart Cities with
Dynamic Computational Offloading to the Edge
Jaume Segura-Garcia, Jose M. Alcaraz Calero, Senior Member, IEEE, Adolfo Pastor-Aparicio, Ricardo
Marco-Alaez, Santiago Felici-Castell, and Qi Wang, Senior Member, IEEE

Abstract—Environmental noise monitoring for Smart Cities
need to be as much efficient as possible in order to mitigate
its significant impact in the health of their inhabitants. 5G IoT
systems offer a big opportunity to offload the computation from
the sensor nodes, since it provides a series of new concepts
for dynamic computing that the previous technologies did not
offer. In this paper, a complete 5G IoT system for psychoacoustic monitoring has been designed and implemented using
different options for offloading computation to different parts
of the system. This offloading has been done by developing
different functional splittings of the psycho-acoustic metrics
algorithms to allocate such splits in different locations. Finally,
a performance comparison among different functional splittings
and their implementation are shown with a detailed discussion.
Index Terms—5G, Internet of Things (IoT), psycho-acoustic,
soundscape monitoring, functional splitting, Smart City.

I. I NTRODUCTION
Currently, medium and large cities suffer from high levels
of noise, which in turn, lead to a huge subjective annoyance
for their inhabitants. This noise also has significant impact in
human health [1]. This is why European Regulation ”Environmental Noise Directive” (END) [2] and other similar ones
at international level has focused on addressing this problem.
The directive forces to provide Smart City with real-time
monitoring of soundscape metrics, if cities are larger than
250000 inhabitants.
END is the first EU-level initiative on this direction and
has considered very important health issues such as cardiovascular disease, annoyance, sleep disturbance or other mental
health impacts [3], [4]. However, according to many researchers, it has significant room for improvement. To be concrete, metrics used on the definition of END only consider the
equivalent level of the sound (denoted as Leq sound metric),
but do not consider the spectral components of the sound.
This flaw has several implications for human perception. For
example, in daytime a vending machine will not cause a
significant noise for human perception, even if it emits a very
intense sound. Whereas in night-time, a simple dripping tap
can cause a significant annoyance, even with a low sound level
J. Segura, A. Pastor and S. Felici were with the Department of Computer
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[4]. This example is obvious but enough to demonstrate that
equivalent level of sound may not be enough in the calculation
of the level of noise annoyance for inhabitants.
Several research works have been crafting different sound
metrics that provide a significant improvement in the accuracy
of the annoyance level from the human perspective. However,
all these metrics have a common and well-known problem
which is mainly related to the computational complexity
associated to the calculation of such metrics. At present,
this computational complexity has made impractical to create
real-time monitoring sensors that could provide an accurate
soundscape monitoring. This issue is the main motivation of
this research work.
5G networks are currently being installed in almost all the
largest cities around the world and it will continue in the
coming years. 5G is the enabler of massive Machine Type
Communications (mMTC), where millions of IoT devices are
connected seamlessly across the City to provide services for
the citizens. 5G is based on a Mobile Edge Computing (MEC)
architecture[5], where it is possible to perform computational
offloading of network functions in the last mile of the network, close to the final users, in order to meet low-latency
requirements.
Our contribution is multi-fold. First, an IoT device has been
designed and prototyped with support for sound sampling in
real-time, able to connect and deliver information into 5G networks. Second, a novel implementation of the psycho-acoustic
algorithms for the calculation of human psycho-acoustic annoyance has been proposed, based on the Zwicker’s model [6],
and using functional splitting of the different processing steps
required, to allow off-loading of computational processing into
the Edge of 5G networks. Third, a novel architecture for
the off-loading/on-loading of processing functions to/from the
Edge of the 5G network has been defined and prototyped.
Finally, an empirical validation of the performance of the
proposed solution has been carried out.
The rest of the paper is structured as follows. Section II
addresses the related work discussing different approaches
and establishing a framework for our approach. Section III
is focused on the description of the algorithmic aspects of
the psycho-acoustic metrics which are related to the psychoacoustic annoyance, as well as the functional splitting of
these algorithms for each psycho-acoustic metric. Section
IV describes the 5G IoT system designed for soundscape
monitoring, centred on the sensor node, in order to meet the

IEEE IOT JOURNAL, VOL. 14, NO. 8, AUGUST 2020

requirements of the proposed functional splitting. Section V
describes the testbed, the validation tests and the performance
analysis done, based on the functional splitting, and taking
into account the scalability issues for a big Smart City.
Finally, Section VI concludes and discusses the achievements
and contributions of our proposed novel 5G system for realtime psycho-acoustic soundscape monitoring, highlighting the
different lines for future work.
II. R ELATED W ORK
There are many relevant and interesting works using Wireless Acoustic Sensor Networks (WASN) that are oriented
to monitor noise pollution based on Leq,T (Average Noise
Equivalent Level during T time), or even with the A-weighting
filter (ITU-R 468) with LeqA,T , a frequency-selective filter
ranging a frequency band around 3-6 kHz to which the human
ear is sensitive, such as [7], [8], [9], [10], [11], [12], [13].
These two parameters (Leq,T and LeqA,T ) are measured in
dB and dBA respectively.
Nevertheless, these metrics are not enough in terms of
subjective annoyance. In [14], the authors explored the options
offered by WASN for subjective annoyance computation in
terms of the psycho-acoustic parameters and Sound Pressure
Level measurement (SPL). They found that commercial nodes
devoted to SPL, such as TMote Invent (TmI), could not afford
the psycho-acoustic parameter computation and their audio
sampling process was quite poor for audio reconstruction.
Besides, SPL does not provide information about the subjective annoyance from the point of view of human perception
[6][15][16].
For soundscape categorisation [15] and with regard to
Psycho-Acoustic Annoyance (PA) models, the Zwicker’s annoyance model [6] is one of the most extended, well known
and used to determine how an acoustic environment sounds
like. With this model and in general terms, subjective perception can be expressed in terms of psycho-acoustic metrics.
The Zwicker’s annoyance model is described by measuring
Loudness (L), Sharpness (S), Fluctuation Strength (F ) and
Roughness (R) to determine a parameter named PsychoAcoustic Annoyance (P A), which is highly correlated with
the subjective response. The model takes into account the
anatomic characteristics of the human hearing. The frequency
spectrum of the psycho-acoustic metrics is made in terms of
Critical Bands (CB) [17] when complex sounds are considered.
This concept refers to the frequency bandwidth of the auditory
filter generated in the cochlea, the sense organ of hearing
within the inner ear. The human hearing combines the sound
stimuli located in the close neighborhood in terms of frequency
into a particular CB. When serialising these CBs, two different
frequency scales are usually used, called the CB rate scales.
One is measured in the unit Bark and the other one is measured
in Equivalent Rectangular Bandwidth (ERB) [6].
Focused on the Zwicker’s annoyance model and its implementation, in [18], the authors implemented an Edgecomputing system by using different Raspberry Pi 3 (Rpi3)
nodes in order to carry out a performance evaluation when
computing binaural loudness directly on the Rpi3 nodes.
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Also the same authors added the computation of bin-aural
sharpness to the set of bin-aural psycho-acoustic parameters.
Furthermore, a simplified version of the Zwicker’s psychoacoustic annoyance model was evaluated (assuming specific
conditions), oriented to assess the spatial distribution of the
subjective nuisance in indoor and outdoor environments.
Other perspectives to face the problem of the improvement
of performance in the computation of the psycho-acoustic
parameters are: to use a parallel strategy, to use an Artificial Intelligence strategy (i.e. Convolutional Neural Network
(CNN)) or to divide the task force by using a functional
splitting. In [19], the authors compared a Fog computing
system based on different orchestration platforms (i.e. DockerSwarm and Kubernetes) in order to improve performance
with homogeneous and heterogeneous clusters of Small Board
Devices. In [20] and [21], the authors focus the efforts in
the modeling and provision of the task distribution in the
Cloud. In [22], the authors focused the computing problem
by designing a CNN to obtain these parameters and compared
its performance with the one of the algorithms in different
platforms.
In terms of sound/noise monitoring using cellular networks,
projects like NoiseTube [12], allow a crowd-sourced collection
of daily noise exposure with mobile phones based on 3G/4G
technologies. This project contains an API for data collection,
a data model and a mobile APP. Also, Smart Santander project
[23] allows noise level monitoring, using WiFi technologies.
In [24], the authors focus the sound monitoring in an eHealth
application, monitoring the Obstructive Sleep Apnea syndrome
by developing a system to record the snoring frequency of
different patients.
Apart from these references, to the best of our knowledge,
there is not any contribution oriented to compute efficiently
and in real-time these psycho-acoustic parameters by using
WASN. From our point of view, the key point to achieve
real-time performance is to separate the task-load in different
functional primitives and distribute such primitives among
different network segments to achieve an optimal trade-off
between computation and networking resources utilization
with the ultimate goal to push forward more efficient ways
to measure subject nuisance. Our approach to achieve such
real-time capabilities is based on the functional splitting of the
different steps involved in the calculation of P A metrics. It
allows the allocation of computational requirements provided
by the networks and thus, the offloading of computational
power to the network infrastructure when required to achieve
such real-time performance. For this purpose, 5G architecture
opens the enablers for the dynamic computational offloading
and the smart allocation of this resources and this is the
technical approach followed in our contribution.
In addition, at the time of writting this paper, it has not been
found any 5G-oriented application, neither project, focused
on psycho-acoustic monitoring based on IoT systems for
smart cities. Therefore, our proposal described in this paper is
oriented to develop this 5G-enabled application raising expectations related to the use of the technologies to enable better
communication efficiency and opening new opportunities for
further research in soundscape monitoring.
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III. F UNCTIONAL S PLITTING FOR P SYCHO -ACOUSTIC
M ETRICS
This section provides an overview of the different psychoacoustic metrics and explained the different steps involved
in their functional split. Such steps will be later on used as
baseline of our investigation.
A. Psycho-Acoustic Metrics for Soundscape evaluation
The evaluation of soundscapes in the city in terms of
psycho-acoustic metrics is an issue that has been tackled using
different approaches, but the most well-known and used is the
Zwicker’s annoyance model [6] as mentioned before, which
focuses on four parameters (i.e. L, S, R, and F ) to evaluate the
psycho-acoustic annoyance (P A), as a non-linear combination
of the previous parameters. The computation of these metrics
have already been validated in [25]. Next, we will describe
these metrics.
1) Loudness (L): This magnitude describes the perceptual
value of the sound intensity perceived by humans. It is
measured in Sones in a linear scale and depicts the subjective
loudness of a sound. It does not consider any perceptual
distinction between ”pleasant” or ”annoying” sounds. The
procedure of calculation is standardized in the DIN45631/A1
[26] and ISO 532-1:2017 [27].
2) Sharpness (S): It is a value of sensory human perception
of unpleasantness in sounds that is caused by high frequency
components and can be considered as a centroid of the
spectrum. It is measured in acums in a linear scale and is
standardized by DIN 45692 [28].
Our model uses the method defined by Zwicker & Fastl
which is what the standard is based on and it is mainly based
on the implementation done in [25].
3) Roughness (R) : It describes the perception of the
sound fluctuation even when L or Leq,T remains unchanged.
It analyses the effects with different degrees of frequency
modulations (around 70Hz) in each CB. The basic unit for R
is Asper. The model used for R is defined by V. Jourdes [29]
based on the Optimised Model by P. Daniel and R. Weber [30].
4) Fluctuation Strength (F ): It describes how strongly or
weakly sounds fluctuate. It depends on the frequency and depth
of the loudness fluctuations, around 4 Hz in each ERB. It is
measured in Vacils.
B. Functional Splitting
In Figure 1, the different elements of the signal processing functions for the soundscape monitoring have been
decomposed in order to have a common sequence of events
(identified by numbers 1–13) to compute the psycho-acoustic
metrics and these elements have been grouped into different
splits (identified by letters A–D). The first common set of
steps (A), which in Table I is identified as Split A, are mainly
related to temporal audio sampling, chunking and windowing.
The second set of steps (B) is related to the fast Fourier
transformation to frequency domain. The third set of steps (C)
is related to the calculation of the independent metrics used
in the calculation of the psycho-acoustics annoyance.
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TABLE I
D IFFERENT OPTIONS OF FUNCTIONAL SPLITTING FOR THE
PSYCHO - ACOUSTIC METRICS CALCULATION IN THE 5G I OT ECOSYSTEM
AND THEIR ALLOCATION AMONG I OT, E DGE OR C ORE .
Options↓
1
2
3
4
5

A
IoT
IoT
IoT
IoT
IoT

B
IoT
IoT
Core
IoT
Edge

C
IoT
Core
Core
Edge
Edge

D
Core
Core
Core
Core
Core

In Table I, different splitting options have been allocated for
computing all the psycho-acoustic metrics, at different parts of
the 5G ecosystem (IoT, Edge and Core).
The first option is the traditional one for IoT architectures,
where a sensor is connected to a simple board to send
the information gathered directly to the Cloud/Core. As we
will explain later, this is the cheapest option with simple
variables (e.g. temperature, humidity, light, etc) without much
computing effort in the IoT section. In our use case, for
psycho-acoustic metrics monitoring application, this option
is already implemented in [25]. But the energy consumption
issues were not considered, since the nodes used were based
on a Raspberry Pi solution, and this solution is high energy
consuming compared with other devices such as those based
on ESP32 architectures.
The second option allows the Core subsystem to compute
part of the heaviest computational charge in the soundscape
monitoring. After receiving the chuncked audio, calibrating,
windowing and computing Fast Fourier Transform (FFT) done
by IoT subsystem, the Core is in charge of computing the
psycho-acoustic metrics.
The third option considers the heaviest parts of the algorithm done in the Core subsystem by computing the psychoacoustic metrics, while the remaining part (i.e. sampling audio,
chunking, calibrating and windowing) is performed into the
IoT device.
Fourth and fifth implementations rely on the Edge network
segment. In particular, fourth option uses the Edge subsystem
to do the real-time intensive computation, allowing IoT devices
to compute also the FFT. Fifth option is oriented to allocate
the FFT and the filtering audios to the Edge. In section V,
a detailed performance comparison will be shows for the
different options.
IV. 5G I OT A RCHITECTURE AND S YSTEM D ESIGN
In this section, it is described both 5G infrastructure for
soundscape monitoring in a smart city, as well as the designed
IoT sound monitoring device. It must be noticed that this
device will enable the calculation of the psycho-acoustic
metrics using computation offloading based on the proposed
functional splitting into the 5G infrastructure. Chirivella et al
provides a comprehensive explanation of a 5G architecture
with Mobile Edge Computing capabilities in case the reader is
more interested [31]. In summary, the Core network segment is
the traditional data center/cloud computing, the Edge network
segment is the extension of the virtualization capabilities to the
last mile of the network where computational resources can
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Fig. 1. Functional decomposition for the psycho-acoustic metrics calculation in the proposed 5G system. Signal processing steps are identified by numbers
(1–13) and grouped in different splits identified by letters.

be deployed close the user equipment and the IoT network
segment is where all the IoT devices are deployed and connected to the Radio Access Network (RAN) segment which is
directly providing access to the Edge.
The empirical evaluation of this contribution will focus on
the most modern functional split capabilities, i.e. options 4
and 5 and will also analyze option 1 as a baseline to measure
the impact of the Edge offloading.
The first functional splitting option, referred henceforth as
Split 1, considered in the Fipy board [32] with a MEMs
microphone and using I2S protocol over MicroPython was
option 5 in Table I (Steps A).
The second splitting option considered, referred as Split 2,
is related to the addition of the FFT within the Fipy board
(Steps A+B), developing a wrapper in C for the MicroPython
environment. This is the option 4 in Table I, which shows
that the tasks of sampling, chunking, windowing and FFT are
done in the IoT device. The remaining operations are done
in the Edge to send the results to the Core that has installed
a monitoring software to allow showing the psycho-acoustics
metric, in real-time. To be precise, our deployment is using
FIWARE to carried out the monitoring.
The third splitting option considered, referred as Split 3,
is oriented to port the whole psycho-acoustics API, which
is a Python library already implemented [25] to compute L,
S, R, F and P A, within the Fipy board was option 1 in
Table I (Split A+B+C). It must be stressed that this option is
extremely complex to implement in a ESP32 microcontroller
[33] due to memory limitations. The whole Analyser API has
been wrapped into C using a compilation in C++ with the
Xtensa cross-compiler. Unfortunately, this option is currently
too big for the RAM of the Fipy board to work properly. Thus,
it has been decided to validate option 1 in Table I where both
loudness and sharpness are calculated which is a technically
viable approach.
To summarize the utility of both figures, Figure 1 explains
all the defined functions for each splitting and Table I explains
all the feasible functional splitting options and their distribution across the different network segments: IoT node, the Edge
and the Core.
In all the cases, a MQTT broker is deployed in either Edge

and/or Core depending on the splitting option considered.
The broker is used to receive the information from the IoT
devices and/or from the Edge and to push the final metrics into
the monitoring software. Due to the real-time requirements
associated to psyco-accoustic metrics, we are using QoS level
0 which is a best-effort ”fire and forget” approach. If one
packet is lost the metric will have a fluctuation in its accuracy
but on average the accuracy of the metric will be restored.
MQTT allows to indicate Last Wills to be triggered when
devices are disconnected. To minimise packet losses, we have
opted for a notification to subscribers combined with retain
packets strategy until the device is re-connected.
A. 5G Soundspace Infrastructure for Smart City Monitoring
The 5G IoT infrastructure designed for the soundscape
description within the context of a Smart City, considers
the following elements or subsystems: a) the node as a 5G
IoT sound monitoring device that has connected sensors and
collects information, b) the Radio Access Network (RAN) as
the radio interface, c) the Edge where some offloading from
the device can be applied to allow energy savings and d) the
Core where the information is gathered and processed.
Figure 2 shows a conceptual diagram of these elements with
their components, considering the different functional splittings to compute the metrics for psycho-acoustic soundscape
monitoring.
B. 5G IoT Sound Monitoring Device
The proposed 5G IoT device is shown in Figure 3. In the
lower part of the figure, it can be seen an IoT hardware device
based on the ultra low-power Espressif ESP32 System-onChip (SoC) [33], empowered with an Xtensa CPU architecture.
The architecture is mounted on a board together with some
peripherals. Our prototype is based on Pycom Fipy boards
[32]. This figure does not pretend to be a complete description
of all the available capabilities in this SoC and peripherals
connected to the board. It only shows those key components
that are used in our design.
With regard to the peripherals (at the bottom of Figure
3), the IoT device is connected to a SQN3330 modem [34]
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Fig. 2. Conceptual diagram of the IoT architecture with different splitting
options for the 5G psycho-acoustic metrics calculation system.

Fig. 3. Architectural Design of the 5G LTE-M1 Sound Monitoring Device

that provides support for the two different connectivity modes
provided by 5G infrastructures for IoT devices, LTE-M and
NB-IoT connectivity to perform offload processing of the
sound signal and/or to deliver the metrics to the monitoring
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system. This modem is connected to the ESP32 SoC by means
of a fast speed Universal Asynchronous Receiver-Transmitter
(UART) serial interface. The IoT device is also connected to
a INMP441 microphone [35] that allows sound sampling up
to 16kHz with a resolution up to 24bits. The microphone is
connected using a Inter-IC Sound (I2S) interface that allows
the usage of Direct Memory Access (DMA) to store the
sampled sound in real-time without CPU intervention. That
allows to record a good quality sound in an area around 20
meters of diameter with respect to the microphone in real-time,
and to connect to the 5G network.
On the hardware (see middle part of Figure 3), an embedded
operation system image is generated for the Xtensa CPU
assembler instruction set, using the Xtensa ESP32 crosscompiler and flashed into the IoT device using a USB interface. The operating system contains the basic capabilities
to support multi-threading, to make use of the hardware
capabilities by mean of drivers such as the UART and I2S
drivers and to execute processes.
The I2S driver only provides support to carry out functions
1-3 out of the 12 different functions identified in Table I. The
rest of the functions are not directly supported in the kernel
space and it has required the generation of a new version of the
operating system with support for all the remaining functions,
4-12. Besides, these functions are grouped in two different
libraries, a FFT library providing functions 4-5 and the sound
metric calculation library providing functions 6-12. It is worth
noting that Figure 3 has boxes with two different colours in
the Kernel Space. They have been used to differentiate the
functions available in current IoT devices (in purple color)
and the functions completely developed from scratch (in red
color).
In particular, the operating system has been extended with
a complete dynamic development framework that uses microPython (uP) language as an interface, to allow developers
to configure the functions deployed in the IoT device using
a high level language. This uP framework is compiled in
the kernel space and runs a Python virtual machine to allow
programmers to program applications in the user space. This
provides a high level of dynamism and flexibility on the
activation and configuration of the functions supported in the
kernel space. Thus, several wrappers have been designed to
allow uP applications to make use of the functions supported in
the kernel. Firstly, a uP I2S library to support sound sampling
has been implemented and ported to ESP32, based on the work
done by Mike Teachman1 . Secondly, a uP FFT library have
been designed, optimized to speed, and ported to ESP32 based
on the original work done by Robin Scheibler2 . And thirdly, a
uP psycho-acoustic sound metric calculation library has been
desiged, optimized to run in a low constrained device. The
libraries to carry out the connectivity with the 5G network are
already provided by the chip manufacturer and already ported
to ESP32 as uP library. As a result, the new functionalities
provided in uP, allow us to perform in the IoT device different
1 https://github.com/miketeachman/micropython-esp32-i2s-examples (Visited on 17/09/2020)
2 https://github.com/fakufaku/esp32-fft (Visited on 17/09/2020)
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roles and functions according to the splits defined to calculate
the psycho-acoustic metrics.
Finally, as shown in the upper part of Figure 2, three
main functional splits have been implemented. They matches
with the different modes indicated in the previous scenario,
labelled as Split 1 (sampling, framing, windowing; equivalent
to splitting option 5 in Table I), Split 2 (sampling, framing,
windowing, FFT; equivalent to splitting option 4 in Table
I) and Split 3 (sampling, framing, windowing, FFT, loudness/sharpness; splitting option 1 in Table I).

V. E MPIRICAL VALIDATION
In this section, different experiments have been done to
validate the system designed and oriented to validate the
offloading to achieve a real-time implementation for soundscape monitoring. As a baseline, we will consider the values
computed of the different psycho-acoustic parameters with
other IoT devices, in particular using the Raspberry Pi family
[25].

A. Testbed Description
The deployment of the system has been done according to
the previous specification. The MEMS microphones have been
connected to the FiPy nodes. The implemented firmware has
been uploaded to each one of the FiPy nodes. These nodes
have been connected to the 5G network infrastructure, using
LTE-M1/NB-IoT. We use OpenAirInterface as a framework
to implement the radio access network (together with a USRP
B210 and an antenna with duplexer on LTE-M1 frequency)
and the EPC of the 5G network/ It must be stressed that the
5G network implemented only will offer LTE-M1 interface.
Inside the 5G infrastructure, a Virtual Machine (RAM 4GB/
4 cores) containing the psycho-acoustic analysers for sound
sampling, framing and FFT calculation, has been included in
the Edge of the 5G infrastructure and another Virtual Machine
containing a Fiware framework for IoT information collection
and processing has been placed in the Cloud.
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B. Performance Analysis of Psycho-acoustic metric calculation
Table II shows a performance comparison in terms of
the computational time per 1 second of audio recordings
between Matlab and C++/Python, both running on an Inteli7 computer, and the implementation of C++/Python running
on RPis (models RPi3B and RPi3B+), for the different psychoacoustic parameters. To obtain the most realistic results, 100
random recording of daily sounds of one second of duration
have been used to obtain values within a 95% confidence interval (CI). These sounds were taken from the UrbanSound8K
database [36], which consists of 8000 audios tagged following
a taxonomy similar to that described in ISO 12913-2 [37]
for urban sounds. In addition, as the C++ compiler has the
possibility to choose the level of optimization it executes, it
has been decided to perform the calculations with the complete
optimization (enabled by the option -O3). These settings lead
to use all the cores of the device in parallel (option -O3).
During C++ testing with the completed optimization enabled,
the CPU usage option 3: IoT (A), Core (B,C,D) of the RPi3B
and RPi3B+ was 77%, with one core at 100% and the other
three at 70%. Something similar happens with the PC which
is 87% usage, with one core at 100% and the others at 83%.
The characteristics of this PC are: Intel i7 processor at 2.2GHz
with 8GB RAM (without any GPU).
Regarding the CPU temperatures, the CPU reaches 82.35
degrees Celsius in both platforms Rpi (RPi3B and RPi3B+),
which are constantly maintaining the computer at 80 degrees.
The nodes are inside a 3D printed chassis and passive ventilation has been used to avoid any possible noise produced by
the operation of the fans. It should be noted that in Table II,
the last two columns show the calculation time independently,
while in the column R & F we proceed to combine both to
speed up the calculation.
In this way, real-time computation is achieved in both
Matlab and C++, using a computer with an Intel-i7 processor.
Moreover, when running it with Raspberry Pi family boards,
we surpass this real-time limit. The best performance calculation time is shown by the implementation of C++/Python that
runs on the computer using the optimization option.

C. Performance Analysis of 5G Functional Offloading

Fig. 4. Photograph of the 5G infrastructure with the implemented IoT node
for the psycho-acoustic metrics calculation.

In our purpose for evaluating the performance of the functional splitting of the 5G system for the psycho-acoustic metric
computation, we have checked the three different split options
already mentioned (as shown in Figure 2). The experiments
are oriented to see what happens with the operations done in
the Fipy node and looking at the temporal results in the node
and the Edge. Each row of sub-figures available in Figure
5 represent the empirical results achieved by each of the
functional splits analyzed. Each of the columns involved the
three first set of steps indicated in I. The last set of steps
was not able to be executed in the IoT device. This is why
it has been excluded from this research since there is not
way to establish a comparison to determine the impact of the
offloading to the Edge of these steps.
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TABLE II
C OMPARISON OF MEAN TIME ( AND S TD .D EV.) IN SECONDS BETWEEN DIFFERENT DEVICES AND PROGRAMMING LANGUAGES , WITH C++ OPTIMIZATION
(L- LOUDNESS , S- SHARPNESS , R- ROUGHNESS , F - FLUCTUATION STRENGTH )

Matlab
C++/Python
Rpi3B
RPi3B+

L
0.058
(9.4e-5)
0.003
(2.3e-5)
0.018
(2.5e-5)
0.017
(2.7e-5)

S
0.000
(4.4e-8)
0.000
(8.0e-12)
0.000
(8.0e-12)
0.000
(8.0e-12)

R&F
0.638
(2.0e-3)
0.235
(6.3e-5)
1.462
(5.3e-3)
1.389
(5.6e-3)

R
0.288
(4.8e-4)
0.128
(3.2e-5)
0.849
(1.8e-2)
0.794
(1.8e-2)

F
0.404
(4.8e-4)
0.235
(4.2e-5)
0.742
(1.1e-3)
0.694
(1.2e-3)

Total
0.699
(2.2e-3)
0.238
(5.8e-5)
1.479
(6.2e-3)
1.406
(7.5e-3)

Fig. 5. Graphical representation of the computing time in the different functional splittings in the node and the Edge.

For our experiments, we have done different measurements.
In this deployment with the Fipy, we have recorded audio
for 210 sampling periods corresponding to 1s (in all the
measurements, the audio gathering period is included). As it is
shown in Figures 5a, b, c, the sampling and windowing time
(inter-Frame) in the node is quite constant for 1s audio. Figure
5a shows the time variation of the Fipy sending the windowed
samples (as shown in Table III, Avg/StdDev: 0.97/0.25s), 5b
shows the temporal variation of the received samples and
the FFT computation time at the Edge (as shown in Table
III, Avg/StdDev: 1.08/0.73s) composed by a virtual machine
in a OpenStack-based environment with 4 cores 1.2GHz and
4GB RAM. This means that the Edge is achieving real-time
performance for psycho-acoustic metric computation. Figure
5c shows the temporal variation of the samples with the FFT
time and the metric computation at the Core (as shown in
Table III, Avg/StdDev: 0.97/0.25s).
In Figures 5d, e, f, the sampling, windowing time and FFT
(inter-FFT) temporal variation in the node is less periodic
for 1s audio. Figure 5d shows the time variation of the Fipy
sending the windowed samples and FFT (as shown in Table
III, Avg/StdDev: 1.45/0.25s), 5b shows the temporal variation
of the received samples and the FFT computation time at the

Edge (as shown in Table III, Avg/StdDev: 1.42/0.28s). This
means that the Edge is nearly achieving real-time performance
for psycho-acoustic metric computation, although the analyser
is not fully optimised in the Edge with this functional splitting.
Figure 5 c shows the temporal variation of the samples with
the FFT time and the metric computation at the Core (as shown
in Table III, Avg/StdDev: 1.42/0.30s).
In Figures 5g, h, i, the sampling, windowing time, FFT and
metric (inter-Metric) temporal variation of computing time in
the node for 1s audio is shown. Figure 5g shows the time
variation of the Fipy sending the windowed samples, FFT and
Loudness computation (as shown in Table III, Avg/StdDev:
3.43/0.36s), 5h shows the temporal variation of the received
samples, the FFT and the Loudness metric computation time
at the Edge (as shown in Table III, Avg/StdDev: 3.40/0.39s)
and the Figure 5i shows the temporal variation of the samples
with the FFT time and the metric computation at the Core
(as shown in Table III, Avg/StdDev: 3.41/0.44s). The high
temporal values are due to the accessing frequency to ESP32
memory in the Fipy (40MHz). Notice that the calculation of
such values required the usage of a in-memory 1Mb array
which is causing the significant bottleneck in performance. In
Table III, Samp-Ifr stands for sampling inter-frame, Samp-
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TABLE III
T EMPORAL STATISTICS OF THE DIFFERENT EXPERIMENTS IN THE ESP32
OF THE F IPY
Avg
StdDev
Avg
StdDev
Avg
StdDev

Samp-Ifr
0.965
0,253
FFT-Ifr
1.448
0.247
Metr-Ifr
3.432
0.363

Samp-IFFT
1.075
0.731
FFT-IFFT
1.418
0.280
Metr-IFFT
3.395
0.390

Samp-Ilou
0.965
0.253
FFT-Ilou
1.415
0.296
Metr-Ilou
3.405
0.435

IFFT stands for sampling inter-FFT, Samp-Ilou stands for
sampling inter-loudness. The first name is always referring
to the processing performed in the node and the second one
the type of measuring time registered.
VI. C ONCLUSION
This paper shows the development of a whole 5G system,
based on LTE-M technology, for audio processing with different functional splitting options. The audio gathering and
the psycho-acoustic processing options have been developed
within different modules of the functional splitting in the
firmware of the Fipy device (among them: I2S module, FFT
module, windowing module, loudness module, etc). The audio
in raw or FFT is sent using MQTT protocol to an OpenStackbased Cloud in the Edge, where a Virtual Machine (VM)
is gathering the audio/FFT and processing to compute the
psycho-acoustic parameters and the Zwicker’s psycho-acoustic
annoyance (PA). These data is sent to another VM with
FIWARE IoT framework to gather the information. Also,
the algorithms of the psycho-acoustic parameters have been
implemented following a novel design for the calculation of
human psycho-acoustic annoyance. They have been proposed
based on the Zwicker’s model following a planned functional
splitting for different processing steps required in order to
allow off-loading of computational processing into the Edge
of the 5G network. Finally, a novel architecture for the offloading of processing functions to the Edge of the 5G network
have been designed and prototyped.
The empirical validation of the system has shown that the
designed system can achieve a real-time performance for the
different functional splitting planned, except for the metric
computing due to the accessing frequency to memory in the
ESP32. In the sampling version in the IoT/Edge/Core offloading, we obtained an average reduction of 0.5s compared
to the mean time obtained with Rpi3B+.
The main limitation of our approach is related to the
memory of the MCU used (i.e. Fipy platform, based on
ESP32), due to this fact our metric tests are focused only
in loudness and sharpness. As a future work, we will explore
other ESP32 MCUs with a bigger RAM memory space (or
design a new MCU with these features) in order to enable all
the psychoacoustic parameter computation.
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