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Chapter 1

Introduction

1.1 The role of the Internet of Things (IoT)

As widely known, with the term Internet of Things (IoT) it is common to refer to a
network of smart devices interconnected with the Internet, able to gather, share, and
communicate data with other devices through various protocols (e.g., Bluetooth, Zig-
Bee, Z-Wave, Wi-Fi, Radio Frequency Identification (RFID), etc.). In particular, IoT
devices can range from simple nodes equipped with very limited processing power
and sensing elements, to advanced embedded systems with multi-functional capabil-
ities. In fact, the rapid development of the IoT paradigm has dramatically changed
the way humans and machines interact with the environment, enabling innovations
in various fields, including smart healthcare, smart agriculture, smart transportation,
and smart cities [2].

As an example, thanks to the adoption of healthcare loT systems, patients’ care
has been improved to a large extent because of remote health monitoring, nowadays
with the possibility to real-time track the patient’s vital signs. New wearable devices
have opened to the possibility, with the help of sensors, to detect diseases such as
cardiovascular diseases, which can sometimes be very hard to detect at their early
stages. In addition to this, IoT-based systems will also provide real-time monitoring

of drug interactions to ensure the treatments are safe and effective [3].
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Table 1.1: Comparison of tiny IoT devices and IoT devices based on key features.

Feature Tiny IoT Devices IoT Devices
Size Very small Varies (small to large)
Power Consumption Extremely low Can be moderate to high
Computational Power Limited (e.g., microcontrollers) Moderate to high (e.g., CPUs/GPUs)
Memory Minimal (KB to MB) Higher (MB to GB)
Connectivity Low-power protocols (e.g., BLE) Versatile (Wi-Fi, 5G, Ethernet)
Cost Low Moderate to high
Applications Basic sensing and monitoring Advanced analytics and control

Then, IoT solutions notably play a significant role in the efficiency and produc-
tivity of smart agriculture. Automated systems in the animal breeding management
have been able to detect animals’ health problems, with the feeding process being
optimized and earlier detection of diseases being enabled. Furthermore, the IoT also
helps the conservation of resources by reducing water consumption and the promo-

tion of sustainable agricultural practices [4].

Finally, in the aim of smart transportation and smart cities, these scenarios will
experience (without any doubt) the most significant and extensive application of IoT
technologies. As an example, some of the benefits might include, among others: (i)
the reduction of congestion, (ii) constant monitoring of road traffic conditions, (iii)
the provision of public safety, as well as (iv) control and prediction of air pollution
levels. Thus, embedding IoT technologies into the urban environment will enable
new functionalities, such as optimizing the traffic flow, improving the air quality, and

creating safer and more efficient urban environments in smart cities [5].

Tiny IoT devices are a subset of IoT that are designed particularly for resource-
constrained environments differing in size, processing capabilities, power consump-
tion, and targeted applications. Generally, the tiny IoT devices should be optimized
for minimal power and cost. The comparison of 10T devices and tiny IoT devices is

represented in Table 1.1.
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1.1.1 Components of Tiny IoT Devices

Conversely to “general” IoT systems, tiny IoT devices present some “basic”” compo-
nents mainly with a particular function while strictly fulfilling the design and energy
demands. Thus, the hardware part of a whole device is working effectively even in
cases where available limited resources are still present. For the sake of completeness,

in the following the main components of tiny IoT systems are listed.

Microcontroller Unit (MCU) An MCU consists of a Central Processing Unit (CPU),
a certain amount of Random Access Memory (RAM), and customized input/output
peripherals, and is mainly responsible for data processing, device control, and inter-

component communication [6].

Sensors On a wide perspective, sensors act as the main data collecting units able
to “sense” and acquire environmental data of high importance, such as pollution lev-
els, temperature, motion, humidity, and health indicators. These information are then

routed to be processed by the units and decisions are subsequently made [7].

Memory IoT devices use two types of memory: volatile memory (i.e., RAM) and
Non-Volatile Memory (NVM). In detail, a NVM retains its information even after
a device is switched off, which represents the reason why NVMs are well-suited for
application code and Firmware (FW) storage. Contrariwise, a RAM is applied to store
variables and information during the application’s execution, thus allowing for fast

data reading and writing for effective dynamic computing [8].

Short- and Long-Range Communication Protocols With regard to short- and
long-range communication protocols possibly adopted by tiny IoT devices, the fol-

lowing are representative.
* Wi-Fi

— Operates on IEEE 802.11 standards (5 GHz frequency).

— Provides a short range (up to 60 feet indoors).
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— Suitable for home automation and energy management systems.
— Advanced version (IEEE 802.11ah “Hal.ow”) has been designed for IoT
with unique infrastructure requirements.

¢ Bluetooth

— Suitable for low-power indoor tracking and automation.
— Provides a limited range and security concerns.

— Appropriate for the wearable [oT applications.
* Long Range (LoRa)

— Provides long-range transmissions with low power consumption.

— Capable of transmitting data over distances exceeding 10 km, making it

ideal for applications such as smart agriculture and remote monitoring.

Then, depending on the specific requirements of the application running on top
the considered tiny IoT device, these network protocols—which are frequently used
in IoT devices—offer distinct benefits in terms of data throughput, battery consump-

tion, and range.

Power Sources With regard to the power sources exploitable by tiny IoT devices
to support a certain life span for operating on the collected information, they are

generally categorized as follows [9].
» Storage
— Includes batteries and capacitors, storing energy for later use.
¢ Distribution

— Includes wired power sources (e.g., Power over Ethernet (PoE)) and elec-
tromagnetic power distribution, both representing continuous power sup-

pliers.
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* Harvesting

— Refers to energy sources that capture and convert environmental energy

into electrical power, such as solar, wind, and thermal sources.

These elements cooperate together in order to enable tiny IoT devices to effec-
tively carry out certain tasks in specific environments, enabling a variety of applica-
tions in fields including industrial automation, healthcare, and environmental moni-
toring [10].

1.1.2 Artificial Intelligence (AI)-enabled tiny IoT Devices

The integration of Artificial Intelligence (Al) mechanisms in tiny IoT devices marks
a milestone, enabling them to locally process data, derive intelligent decisions, and
perform autonomously. More in detail, one of the most challenging tasks related to
this integration regards the need to provide good performance of Al models carefully
considering the constrained resources of tiny IoT devices, such as: limited processing
power, memory, and execution time [11].

In order to address these limitations, an evaluation of Al model performance must
encompass not only their predictive accuracy but also their computational complex-
ity. In fact, it is crucial to strike a balance between accuracy and resource efficiency
to guarantee dependable and effective performance in environments with limited re-
sources. In order to address these issues, it is necessary to employ techniques such as
model quantization, hyperparameter tuning, and the use of lightweight architectures.
In fact, these strategies help in reducing the specific model’s complexity without af-
fecting its performance. As a result, they are of crucial importance for the proper
deployment of Al in IoT systems with energy efficiency [12].

For the sake of clarity and completeness, in the following an overview on different
Machine Learning (ML) and Deep Learning (DL) models is provided, in particular
focusing on their performance and suitability for deployment on resource-constrained

IoT environments.
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1.2 Machine Learning (ML) Models

1.2.1 k-Nearest Neighbors (k-NN)

k-Nearest Neighbor (k-NN) is a supervised ML algorithm (often adopted for both
classification and predictive regression-like problems) which uses “feature similar-
ity” to predict the values of new data points and a “majority voting mechanism” for
classification. In detail, k represents the number of nearest neighboring labels taken
into account to assign a label to a new data sample, using the Euclidean distance be-
tween their feature vectors. At the end, the new data point is assigned the class label
that has the highest frequency among the k neighboring data points. Unfortunately,
due to the use of all features, the k-NN algorithm requires a very large amount of

processing resources to calculate a distance for each dimension (in the data space).

1.2.2 Adaptive Boosting (AdaBoost)

Similarly to k-NN, Adaptive Boosting (AdaBoost) is a supervised ML method which
exploits a set of the weak classifiers to create a strong classifier model. More in
detail, the goal of AdaBoost is to increase the prediction accuracy through sequential
training on diverse subsets of data, then “penalizing” (assigning higher weights to)

the misclassified samples.

1.2.3 Decision Tree (DT)

This ML mechanism adopts a set of if-then-else rules to predict future values, then
creating a hierarchical tree structure with three types of nodes: (i) the root node,
corresponding to the best predictor; (ii) interior nodes, representing the features; and
(iii) leaf nodes, representing the outcome. The branches of the tree represent if-then
conditions. Unfortunately, Decision Tree (DT) has some shortcomings, such as its
high computational complexity and low flexibility, as well as the fact that small data

changes can imply big differences in tree structure and cause instability.
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1.2.4 Random Forest (RF)

Exploiting the concepts recalled in Subsection 1.2.3, the Random Forest (RF) algo-
rithm creates multiple DT-based classifiers by training them on various subsets of the
candidate dataset. In detail, RF aggregates the predictions of these DTs in order to
determine the final prediction, typically through a voting mechanism. Then, by av-
eraging the predictions, RF improves the prediction accuracy while also addressing

overfitting concerns.

1.3 Deep Learning (DL)

In the following, a detailed analysis and description of widely used DL models for
sequential data processing, with a focus on their applications in prediction and clas-

sification tasks, is provided.

1.3.1 Simple Recurrent Neural Network (SimpleRNN)

A Simple Recurrent Neural Network (SimpleRNN) is a Neural Network (NN) archi-
tecture specifically designed to analyze and capture dependencies within sequential
data. In order to understand the relationship between previous and current data, Sim-
pleRNN performs recursively, operating one operation (per series’ element) to calcu-
late (per neuron) the current (at time ¢) output (y,) and the current hidden state value
(h¢), depending on the current input features (x;) and the previous (at time ¢ — 1) hid-
den state value (#;—1). These quantities, which can generally be vectors, enable the
network to retain and exploit past information through the hidden state, effectively
serving as a memory for future predictions. In detail, as shown in Figure 1.1, a Sim-

pleRNN performs the following operations:

hz = tanh(Whhzfl —|—Wxx;) (11)
vy = Wyhy (1.2)

where: W, Wy, and W, are weight matrices for hidden, output, and input states, re-

spectively; and tanh(x) = (e** —1)/(e* + 1) is used for data normalization (element-
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Figure 1.1: Simplified mathematical model of an SimpleRNN.

wise for the vector), returning a predicted vector s, with elements in the (real) inter-
val [—1,1].

SimpleRNNs are not efficient in learning long-term correlations because of van-
ishing or exploding gradient problems in long sequences [13]—these problems corre-
spond to drastic decrease or increase observed at each layer during back-propagation.
In order to overcome these SimpleRNNs’ drawbacks and limitations, Long Short-
Term Memory (LSTM) [14] and Gated Recurrent Unit (GRU) [15] have been pro-
posed.

1.3.2 Long Short-Term Memory (LSTM) Networks

An LSTM network corresponds to an advanced version of a Recurrent Neural Net-
work (RNN) able to detect long-term dependencies using cell state, in addition to the
hidden state used in RNNs. As detailed in Subsection 1.3.1, the short-term memory
and the long-term memory are represented by the hidden state and the cell state, re-
spectively, with each LSTM cell consisting of three types of gates determining the
importance of the information to be remembered or forgotten: (i) the forget gate, de-
termining whether information from previous time steps is retained or forgotten; (ii)
the input gate, specifying which new information has to be stored in the cell state;

and (iii) the output gate, determining the final output of the LSTM cell at each time
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step ¢. In detail, an LSTM network performs the following operations:

fi=0g(Wpx; +Ughy—1 +by) (1.3)
i = 0g(Wix, + Uiy + b;) (1.4)
01 = 0g(Wox, +Ushy—1 +b,) (1.5)
¢ = 0.(Wex, +Uchy—y + be) (1.6)
¢ =f,0c1+i0G (1.7)
hy =0, ® op(cy) (1.8)

where: x, € RY is the input vector of the LSTM cell; £, € (0, l)h is the forget gate’s
activation vector; i, € (0,1)" is the input/update gate’s activation vector; o, € (0,1)"
is the output gate’s activation vector; i, € (—1, l)h is the hidden state vector; ¢, €
(—1,1)" is the cell input activation vector; ¢; € R" is the cell state vector; W € R#*4,
U € R and b € R" are weight matrices and bias vector; d and / refer to the number
of input features and number of hidden units, respectively; the initial values are co =

0 and hp = 0; and the operator ® denotes the element-wise product.

1.3.3 Gated Recurrent Unit (GRU) Networks

A GRU network can be seen as an improved version of an LSTM network, but with
a simpler structure, since (unlike LSTM) the memory cell is not used and the forget
gate is removed to reduce complexity. Therefore, a GRU cell includes the following
two gates: (i) the update gate, determining how much of the past information (from
previous time steps) needs to be passed to the next GRU cell; (ii) the reset gate, decid-
ing how much of the past information (from the previous steps) will be disregarded.

In detail, a GRU network performs the following operations:

7 =0(Wox, + Ul +b) (1.9)
r=0(W,x, +Uh_1 +b,) (1.10)
hy = ¢(Wyx, +Up(r, © hy_1) +by,) (1.11)

h=(1—-2)Oh_1+zOh (1.12)
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Figure 1.2: 1D-CNN architecture featuring two convolutional layers.

where: x; and &, are input and output vectors, respectively; 7, is the candidate activa-
tion vector; z; is the update gate vector; r; is the reset gate vector; W, U, and b are

weight matrices and bias vector.

1.3.4 Convolutional Neural Networks (CNNs)

Convolution Neural Networks (CNNs) are known for their extensive image process-
ing capabilities, thanks to their well-known automatic feature extraction capability
from high-dimensional data (e.g., images and videos). More in detail, a CNN con-
sists of two main layers, denoted as convolution and pooling. Convolution is applied
to the input data using a kernel to produce a feature map, with the kernel size usually
smaller than the input data. Then, after a convolution operation, pooling is performed
to reduce the dimension. In general, One-dimensional (1D)-CNNs are mostly used

for time series data, as shown in Figure 1.2.



1.3. Deep Learning (DL) 11

Output Sequence Output Sequence Output Sequence

Y PR

T

Input Sequence Input Sequence Input Sequence

(a) (b) (©

Figure 1.3: (a) Typical convolutional network with kernel size equal to 3; (b) causal
convolutional network with kernel size equal to 3; (c) dilated causal convolutional

network with kernel size equal to 3 and dilation rate equal to 2.

1.3.5 Temporal Convolutional Networks (TCNs)

Temporal Convolutional Network (TCN) is a particular type of 1D-CNN effective in
analyzing sequential data [16], which incorporates three components: (i) causal con-
volution; (i1) dilated convolution; (iii) residual connections. In detail, a TCN allows
(using causal convolutions) to prevent data from leaking from the future to the past,
allowing the architecture to generate an output sequence with length similar to any
input sequence using zero padding [17]. Then, in Figure 1.3 the difference between

typical convolution, causal convolution, and dilated convolution, is shown.

Causal Convolution

Causal convolutions limit predictions to past observed data, with the convolution
operation at time epoch ¢ only applying to data preceding time epoch ¢ (namely: xg,
X1, ..., Xr—1, X¢). This ensures that the convolution outcome at time ¢ is unaffected by

future information.
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Dilated Convolution

The dilated convolution allows TCN to expand its receptive field exponentially with-
out increasing the model complexity [18].

Residual Connection

It is well-known that the size of the convolution kernel, dilation factor, and network
depth determine the receptive field of a TCN. Moreover, the accuracy of the training
set will be saturated or worsened as the network deepens and the model’s parameters
increase, resulting in gradient vanishing or exploding. Therefore, in order to address
these issues, the TCN incorporates residual connections in its output layer, which

help the propagation of data across the layers [19].

1.3.6 Legendre Memory Unit (LMU)

Legendre Memory Unit (LMU) is a recently introduced RNN using less computa-
tional resources to preserve long-range time dependencies. In detail, LMUs break
down the time history into d Ordinary Differential Equations (ODEs) exploiting Leg-
endre polynomials and Fourier attributes to orthogonalize the continuous-time history
of its encoded input signal (denoted as u, € R) [20]. For the sake of completeness, a

LMU (whose block architecture is shown in Figure 1.4) can be defined as follows:

U = efx, —|—e£h,_1 —&—e,ﬂmt_] (1.13)
my; :Amt_] +BM[ (114)
hy = f(Wxxt + W,umy "‘Whhtfl) (1.15)

where: f(+) is a non-linear function (such as tanh); W, € R"™>*" W, € R™>*" W, €
Rrw>d represent the weight matrices; e, € R™, e, € R™, ¢, € R? are the encoding
vectors; x; represents the input at the current time step #; m, € R¢ denotes the unit’s
linear memory; A, represents the non-linear hidden state; A € R4 gand B € R4*!
correspond to the discretized matrices provided by ODEs; nj, and n, are the dimension

of the hidden state and input vectors, respectively.
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Figure 1.5: Simplified mathematical model of a BiRNN.

1.3.7 Bidirectional RNNs (BiRNNs)

Unlike the DL models discussed in Subsection 1.3.1+1.3.3 (namely: SimpleRNN,
LSTM, and GRU), in a Bidirectional RNN (BiRNN) data sequences are processed in

two directions, namely forward and backward, as shown in Figure 1.5. This requires
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to adopt and use two layers: the first layer uses the input data from start to end,
while the second layer processes the input data reversely. Therefore, using two RNN
layers to bidirectionally process the input data is expected to enhance the prediction

accuracy.

1.3.8 Transformers

The Transformer model [21,22], introduced in 2017, revolutionized the processing of
sequential data, with particular regard to Natural Language Processing (NLP) tasks.
This is due to the fact that, unlike traditional sequence models (e.g., RNNs), Trans-
formers are better suited to handle long-range dependencies. This is mainly due to
their reliance on the so-called attention mechanisms, rather than sequential process-
ing. In particular, a key component of the Transformer is the scaled dot-product at-
tention mechanism, allowing this model to dynamically weigh the importance of dif-
ferent tokens in the input sequence—e.g., single words in a sentence to be analyzed
by a NLP system.

From an analytical point of view, a Transformer operates by transforming the
input into three matrices: query (denoted as QQ), key (denoted as K), and value (de-
noted as V) matrices. In detail, these matrices are expedient to calculate the following

attention function:

Attention(Q, K, V) = softmax (Q K > \ (1.16)
Vi
where: Q represents the query matrix, corresponding to a token in the input sequence;
K corresponds to the key matrix; V represents the value matrix; the term 1/+/dj
(where d}, represents the dimensionality of the keys) serves as scaling factor, ensuring
stable gradients by normalizing the dot product between Q and K’

It should be highlighted how Transformers use multiple instances of scaled dot-
product attention mechanisms, obtaining the so-called multi-head attention. More in
detail, on the basis of this mechanism, several attention functions (denoted as atten-
tion heads) are calculated in parallel, each using a different projection of the (Q,K,V)

matrices tuple. Thus, each attention head operates in a lower-dimensional subspace,
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Figure 1.6: Scaled dot-product (left) and multi-head attention (right) mechanisms.

enabling the Transformer model to capture different aspects of the input sequence,
while the outputs from these parallel attention functions are then concatenated and
passed through a linear layer to produce the final output. Hence, the multi-head at-

tention mechanism can be analytically represented as
MultiHead(Q, K, V) = Concat(head; ,head,, . .. ,headh)W(O) (1.17)

where: h corresponds to the number of attention heads, and Ww(©) corresponds to a
learnable output weight matrix [23-25].
For the sake of clarity, a graphical representation of scaled dot-product attention

and multi-head attention mechanisms are shown in Figure 1.6.
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1.4 Thesis Organization

Given the Al, ML and DL mechanisms described in the previous sections, in order to
enable their application on tiny IoT devices—often facing significant resource con-
straints, such as limited computational power, memory, and energy—it is necessary
the development of Al models that incorporate efficient approaches to address such
limitations. The main objective of this Thesis dissertation is to explore Al models
in the context of resource-constrained IoT devices for a variety of applications. In
particular, this dissertation aims to develop, optimize, and deploy ML/DL models in-
tended for embedded systems, considering a number of trade-offs between accuracy,
computational efficiency, and constraints during deployment that are critical for the
real-world evaluations. Thus, investigating the balance between computational com-
plexity and prediction accuracy in the collaboration between Al and tiny IoT devices
will provide a deeper understanding of their potential and assist in selecting the most

feasible and efficient approaches depending on the application.

Hence, this Thesis aims at highlighting how embedded Al techniques can be ef-
fectively adapted and applied in heterogeneous domains, consistently focusing on
their feasibility for constrained IoT systems. To this end, research activities span
several domains—including environmental monitoring, healthcare, audio processing,
human activity recognition, and financial forecasting—chosen to highlight different
facets and challenges of deploying Al models on tiny IoT devices. While these areas
might seem very different at first glance, they share some common characteristics,
such as: real-time data streams, limited device resources, and the need for high pre-
dictive performance. This Thesis work positions them as case studies within a unified

study on embedded intelligence.

First, the significance of Al in predicting outdoor environmental parameters, with
a particular emphasis on air quality, is explored. Subsequently, indoor applications of
Al, including audio processing, audio stream denoising, Parkinson’s Disease (PD)
detection using audio, and human activity recognition, are investigated. Finally, the
potential of Al in the financial sector, specifically focusing on cryptocurrency price

prediction, is examined.
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To this end, each chapter reflects a specific task of the application of intelligent
mechanisms to IoT devices—in most of the cases, being them tiny IoT nodes—
performed in various and heterogeneous scenarios, then highlighting how different

models can adapt and provide impact with embedded Al.

Chapter 2 presents the performance of different embedded ML/DL and quan-
tized models concerning air quality prediction, based on data acquired from an indoor
travelers transit area at the Brindisi airport in Brindisi, Italy. In detail, an analysis of
different ML and DL models with respect to short-term and long-term predictions of
Particulate Matter (PM)—with particular interest on PM2.5—where Bayesian opti-
mization was used for hyperparameter tunning that yields the optimum performance,
is presented. Then, among the compared models, it is shown that a particular model
concatenation (namely, CNN-BiGRU) yields the best predictive performance, with a
good balance between computational complexity. In this regard, CNN-Bidirectional
GRU (BiGRU) has better potential to be deployed on resource-constrained devices.
Further deployability of these models is explored by performing 8-bit quantization
to see the impact of quantization on the prediction performance. Additionally, the
chapter explores air quality forecasting for Beijing, leveraging atmospheric pollution
data to compare multiple DL architectures in terms of both predictive accuracy and
feasibility of deployment on resource-constrained devices.

The performance and deployability of several tiny audio denoising algorithms
in resource-constrained contexts are benchmarked in Chapter 3, in detail aiming at
introducing models providing strong audio denoising at a low level of complexity,
making them suitable for use on restricted IoT devices. In particular, the computation
complexity fingerprint of each model has been used to assess the performance of the
DL model in addition to the quality of the improved signals in comparison to the

reference (ground truth) signals.

Chapter 4 compares the performance of different ML and DL models for early
detection of PD using a publicly available dataset of voice speech in Italian language.
In detail, different algorithms have been evaluated in order to determine which are
best in terms of the accuracy versus computational resources. It carries out the ana-

lytical comparison concerning both predictive performance and related practical chal-
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lenges concerning their effective deployment on low-resources IoT devices. Quanti-
zation was used to overcome the limitations of computational and memory resources
in embedded systems. Quantization reduces the computational complexity and mem-
ory footprint of DL models effectively while preserving the accuracy for efficient

operation on edge devices.

Chapter 5 focuses on human activity classification within the tight resources pro-
vided by tiny IoT devices. In particular, novel methodologies that can be used to real-
ize high accuracy in activity recognition while considering the edge devices’ limited
computation and energy capabilities, are presented, then investigating the trade-off
between predictive accuracy and computational efficiency, providing a wide-ranging
analysis of various models of DL in this scope. Moreover, this Chapter discusses the
challenges of deploying DL. models on resource-constrained devices and points out
effective DL classifiers that provide a good balance between accuracy and resource

requirements.

Chapter 6 discusses the use of DL models for the prediction of cryptocurrency
prices. In detail, a comparative study is performed in order to determine the predic-
tion capability of those models in highly volatile financial markets for three types of
cryptocurrencies. The obtained analysis gives more insight into the performance of
these models on both short- and long-term forecasting with substantial details about
their capability in finding the challenges in cryptocurrency predictions. Apart from
assessing predictive accuracy, the computational complexity for each model is com-
prehensively evaluated. The execution time, memory usage, and number of Multiply
and ACCumulates (MACCs) are the metrics analyzed here, with the key objective of
highlighting the trade-offs between accuracy and complexity. This holistic approach
provides further understanding of the strengths and limitations of each model and is
critical in giving insights on the accuracy-complexity trade-offs for each of the mod-
els. For the sake of completeness, while the cryptocurrency market may seem distant
to the preceding topics discussed in this Thesis dissertation (which concentrate on
Al-driven predictions for small IoT devices), forecasting in financial markets, in-
cluding cryptocurrencies, exhibits similarities with 10T ecosystems, since they both

involve real-time, low-latency predictions, and the capability to deal with dynamic
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data effectively to yield highly accurate results.
Finally, in Chapter 7 an overall summary of all the results achieved in this
Thesis, is shown, showing how embedded Al can be effectively ported to resource-

constrained contexts by addressing these numerous challenges.






Chapter 2

Air Quality Prediction via
Embedded ML/DL and Quantized
Models

2.1 Introduction

Environmental contamination (and, in particular, air pollution) has been a commonly
discussed issue in recent years, with PMs—short particles or droplets suspended in
the atmosphere having the potential to be breathed and penetrate the bloodstream—
being a major concern due to their harmful impacts on human health [26,27]. In fact,
the World Health Organization (WHO) estimates that illnesses caused by air pollu-
tion are responsible for more than 7M premature deaths annually [28]. Furthermore,
according to [29], fine PMs’ air pollution contributes to about 3% of global mortal-
ity from cardiopulmonary diseases, 5% of global mortality from lung, trachea and
bronchial cancer, and 1% of global mortality from acute respiratory infections in
children under the age of five. All of this amounts, annually, to 6.4 million life years
lost and 0.8 million premature deaths. Then, air pollution poses risks also to plants
and animals: with the air mainly composed of nitrogen (Nj, about 78%), oxygen

(O,, about 21%, particularly important for plants and animals’ growth and devel-
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opment), carbon dioxide (CO,, in small percentage, useful for the photosynthesis
of green plants), water vapor, and other compounds, an excessive increase of pollu-
tants in the air could alter the correct development and lead to pathologies [30]. This
further motivates the need to define proactive long-term strategies to mitigate pollu-
tion (as much as possible), especially for population well-being [31,32]. Therefore,
such strategies might be enabled through enhanced monitoring systems defined on
the basis of IoT-oriented well-known architectures and widely adopted processing
and communication patterns—e.g., based on ML, DL, and quantized models [33]. In
particular, this allows to take properly into account non-linear relationships between
input variables (i.e., time series [34]) and process large amounts of data, in the end

obtaining a higher prediction accuracy than that with traditional approaches [35].

In this study, a comparative performance evaluation (in terms of trade-offs be-
tween accuracy and complexity) of different ML/DL models (namely: RNN, CNN,
LSTM, GRU, LMU, TCN, BiGRU, Bidirectional LSTM (BiLSTM), CNN-GRU,
CNN-LSTM, CNN-BiGRU, and CNN-BiLSTM) used to predict PM, s-related Air
Quality Index (AQI) [36], is discussed. Then, different evaluation metrics (namely:
Root Mean Square Error (RMSE); Mean Absolute Percentage Error (MAE); Mean
absolute percentage error (MAPE); coefficient of determination, denoted as R?) and
various values of the time lag—corresponding to the number of past observations to
be considered to predict the next time step observation value—are considered to max-
imize estimation accuracy. Finally, a Post-Training Quantization (PTQ) technique is
applied to evaluate the feasibility of further optimizing (as much as possible) DL
models on tiny IoT devices—being resource-constrained in terms of memory and

computational capabilities.

Hence, two experiments, focused on the prediction of indoor and outdoor PMj 5
levels, are detailed in the following. In particular, the first experiment investigates
the PM; 5 concentration prediction using data collected inside the transit area of the
Brindisi Airport, in the south of Italy, while the second study focuses on forecasting
PM, 5 levels in the city of Beijing, China, on the basis of outdoor air quality mea-
surements. On the overall, the first case study contributes on the following aspects:

(i) a comparative analysis of different ML and DL models for predicting air qual-
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ity (in terms of PM; s concentration) will be presented; (ii) the impact of time lag
on the prediction accuracy will be investigated; (iii) the complexity and the memory
space required to deploy and run the considered models on tiny IoT devices will be

considered, in particular evaluating the adoption of PTQ techniques.

2.2 Literature Review

In the following, an overview on air quality prediction techniques proposed in the
literature is presented, focusing on ML/DL approaches and on the use of IoT devices,

respectively.

2.2.1 Air Quality Prediction through ML and DL Approaches

Several studies focus on RNN architectures [37], such as LSTM [38] and GRU [39],
due to their ability to capture temporal dependencies in air quality samples. These
models have shown to successfully predict pollutant concentrations with high accu-
racy.

In [40], a comprehensive comparison between ML algorithms—including Support
Vector Machine (SVM), k-NN, and RF—to predict atmospheric PM; s levels in the
city of Isfahan, Iran, gathering data from 7 stations in the time period 2011-2019,
with a total amount of 9 features, is presented. According to the obtained results,
Artificial Neural Networks (ANNs) hit a 91.1% accuracy, followed by RE, SVM, and
k-NN.

Authors in [41] conduct a comparison between LSTM and Seasonal AutoRegres-
sive Integrated Moving Average with eXogenous regressor (SARIMAX) models [42]
for PM; 5 prediction in Bangkok in the time period 2017-2018. Their results show
that LSTM achieves lower (in terms of 24 hour average value) RMSE and MAE val-
ues equal to 6.04 units and 4.86 units, respectively, while SARIMAX returns values
equal to 7.99 units and 5.74 units, respectively.

In [43], a model, denoted as Aggregated LSTM (ALSTM), allows to forecast the
concentration of PM s in five distinct industrial air quality sites in Taiwan. In detail,

the adopted dataset consists of 17 environmental features collected in the time period
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2012-2017, while the proposed model consists of stacked LSTM layers followed
by fully-connected dense layers. The ALSTM model demonstrates superior accu-
racy when compared to LSTM, Gradient Boosted Tree Regression (GBTR) [44], and
Support Vector Regression (SVR) [45] models.

Authors in [46] target the prediction of PM; s in eight Korean cities, taking into
account a dimensionality problem caused by a dataset with numerous variables and
limited observations, and reducing it using RNN, LSTM, and BiLSTM models with
Principal Component Analysis (PCA) [47]. The obtained results show that using PCA
with LSTM and BiLSTM reduces RMSE and MAE by 16.6% and 33.3%, respec-
tively.

In [48], a CNN-LSTM model is proposed in order to predict PM; 5 in Beijing con-
sidering spatio-temporal correlations, over a dataset composed of 20,757 pollutant
concentration and meteorological parameters observations and collected in the time
period January 2015-March 2020. According to the obtained results, CNN-LSTM
outperforms MultiLayer Perceptron (MLP) and LSTM. Moreover, a combination of
Convolutional and BiGRU (CBGRU) model for PM; 5 short-time prediction is pro-
posed in [49]. In detail, the chosen dataset is composed of 43,800 8-feature hourly
observations collected in the time period January 2010-December 2014, while the
proposed model is composed of two 1D convolutional layers followed by two Bi-
GRU layers. According to the obtained results, CBGRU provides a lower prediction
error in comparison to DL models (including LSTM, GRU, and RNN). Similarly, the
performance of LSTM, GRU, and BiLSTM are compared in [50], in order to predict
PM, 5 in three Korean cities (namely: Seoul, Daejeon, and Busan), using a 1-hour
interval dataset collected in the time period May 2014—December 2021. The pre-
sented results show that BILSTM demonstrates the highest performance in long-term

predictions.

In [51], a stacked LSTM model is proposed to predict the next hour PM; 5 con-
centration in the city of Istanbul, Turkey, training the model over a dataset collected
in the time period January 2015-November 2019. According to the obtained results,
the proposed model outperforms LSTM, RNN, and GRU, with an RMSE equal to
25.20 units.
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An MLP-based model is proposed in [52] to predict the air pollutant hourly con-
centration (e.g., PMj 5) by considering air quality data of the capital of Chile between
2014 and 2015. In [53], the authors apply a RNN-based model for PM; 5 concentra-
tion prediction, using pollution data from the city of Seoul, South Korea, for a 3-year
period (from 2015 to 2017), while an LSTM-based model for short-term PM; 5 fore-
casting in Taiwan has been proposed in [54]. In the latter work, it is highlighted that
LSTM has a lower error rate with respect to other methods, such as SimpleRNN and
BiLSTM.

The authors in [55] compare the efficiency of LSTM and SimpleRNN in PM; 5
prediction in Guangzhou city, experimentally verifying that LSTM performs better.
In [56], the authors use LSTM on an IoT device for air pollution level forecasting and
evaluate the prediction accuracy. Finally, BILSTM- and GRU-based models for the
prediction of PM; s concentration in Beijing, China, are proposed in [57] and in [58],
respectively.

Finally, a 1D-CNN-BiLSTM model with parallel input from the target and neigh-
boring monitoring stations is presented in [59] for the hourly prediction of PM; 5. As
a result, the suggested method chooses neighboring stations based on distance and
wind statistics, proving to be effective when a combined use of target and chosen

monitoring stations is performed.

2.2.2 Air Quality Prediction on Resource-Constrained Devices

A tiny ML model to be used to predict the AQI using trained DT, RF, and eXtreme
Gradient Boosting (XGBoost) models is proposed in [60]. Although faced with com-
putational limitations, the authors achieve an accuracy of 75.2% adopting XGBoost,
that outperforms both RF and DT while complying with a 2 MB memory limita-
tion. Similarly, in [61] a low-cost device—based on a Raspberry Pi Pico as the main
micro controller—for air quality monitoring and prediction is proposed. In detail,
two models (composed of 2D convolutional layers making an AutoEncoder (AE))
are used: the first model forecasts CO,, temperature, and humidity, by analyzing six
hours of past observations; the second model (namely, a model imputer) is used for

missing values imputation. Then, with model predictor’s and model imputer’s sizes
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of 107,708 and 126,536 B, respectively, the light models’ size decrease by 47.7%
and 56.6%, respectively.

Finally, in [62] a comparative analysis and performance evaluation (in terms of
computational complexity) of different ML and DL models on a tiny IoT device to
forecast the PM, 5 concentration is proposed. According to the obtained results, GRU

provides the most accurate prediction with respect to the other considered models.

2.3 Air quality prediction in an indoor environment

The first scenario explores the use of different ML and DL models to predict PM 5
concentrations, exploiting a dataset fulfilled of air quality measurements gathered

from an indoor transit area for travelers at the Brindisi Airport, in southern Italy [63].

2.3.1 Proposed Model

Based on the ML and DL methods described in Section 2.2, the following discus-
sion highlights the various steps defined in the proposed comparative performance
model, including data preparation (detailed in Subsection 2.3.1), Bayesian Optimiza-
tion (BO) (detailed in Subsection 2.3.1), and the sliding window technique (detailed
in Subsection 2.3.1).

Data Preparation

The data preparation step includes data correlation analysis (Subsection 2.3.1) and
data normalization (Subsection 2.3.1), as follows.

Data Correlation Analysis

In order to perform a data correlation analysis, the Pearson Correlation Coefficient
(PCC) [64] has been adopted. In detail, PCC (denoted as p) is a statistical metric

accurately measuring importance and trend of the dependence between two variables,
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Figure 2.1: PCC of the features of the adopted dataset.

and defined as
_ L (Xi—-X)(Yi—Y)
VI (X = X)2 /X (i - T)?

where: n corresponds to the number of observations; X; and Y; are individual data

p 2.1

points; X and Y represent the means of the variables X and Y, respectively. To this
end, PCC can range from —1 to 1: two variables with the same direction of varia-
tion lead to a positive correlation (p = 1); two variables with opposite directions of
variation lead to a negative correlation (p = —1); finally, the absence of a linear de-
pendency between the considered variables leads to p = 0. For the sake of complete-
ness, the PCC obtained on the features still present in the adopted dataset—further

described in Subsection 2.3.3—is shown in Figure 2.1.
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Data Normalization

Data normalization eases the training process of NNs by ensuring that the different
features representing the candidate dataset are mapped to a comparable scale, thus
accelerating the convergence of different algorithms while enhancing the stability and
efficiency of the proposed model. For this reason, the MinMaxScaler function [65],
adopted in the proposed performance analysis, allows to map input data within a

specific range (typically [0, 1] or [—1,1]) and can be defined as
Xscaled = _—_omin_ (2.2)
X

where: x and xg.qeq represent original and scaled value of a specific feature, respec-
tively; Xmin and xmax correspond to the minimum and maximum values of that feature,

respectively.

Bayesian Optimization (BO)

BO represents a popular method for hyperparameter tweaking in DL models, as it
allows performance optimization, reducing overfitting and underfitting, and improv-
ing generalization, resource efficiency, and durability [66]. These benefits become
more and more evident when compared to traditional techniques (e.g., grid search
and random search), which show significant limitations. In particular, grid search
becomes computationally inefficient because of an exponential growing in the evalu-
ations as the number of hyperparameters increases, while random search may waste
resources by exploring poorly performing regions and fails to focus on optimal con-
figurations [67]. In contrast, BO performs a global optimization of black-box func-
tions by employing a probabilistic model, typically a Gaussian Process (GP), to more
effectively explore the search space [68]. To this end, the hyperparameter optimiza-
tion task can be formally defined as:

x*=arg Eéi)r(lf(x) (2.3)

where f(x) represents the objective function to be minimized, and x denotes the vec-

tor of hyperparameter configurations within the search space X. Consequently, the
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Table 2.1: Accuracy of the considered ML and DL models in terms of the ratio r
between GPs and RFs.

RMSE Ratio r [%]
) N N »
Model N7 K N7 N7
BiGRU 043% | 0,07% | 1,05% | -1,18%
BILSTM | -1,93% | -0.47% | 3.58% | -0.32%
CNN 1,85% | 2,37% | 120% | -0,09%

CNN-BiGRU | -0,91% | 2,06% | 1,13% | -7,35%

CNN-BiLSTM | -1,89% | -1,96% | -0,57% | -17,28%
CNN-GRU | -0,07% | 0,22% | -0,17% | -1,09%
CNN-LSTM | 3,29% | 5,77% | 2,31% | 8,49%

GRU 1,29% | -1,44% | 049% | 1,20%
LSTM 1,62% | 6,95% | 3,23% | 5,84%
RNN 345% | 0,83% | 0,58% | -0,21%

set of hyperparameters x* will yield the minimal objective function value observed
thus far.

On the basis of this modeling, in the following a performance comparison of
the BO technique using different surrogate models, namely GPs and RFs [69,70],
is detailed. Then, in order to compare these two models, the accuracy is evaluated
through the RMSE, chosen as optimization metric and described in Subsection 2.3.4.
Hence, a ratio (denoted as r) between GPs and RFs, with BO serving as the baseline

model, is calculated as follows:

p—1_ (RMSEce ) (2.4)
RMSEgr

Finally, in Table 2.1 the RMSE ratio r obtained by all the considered ML/DL
models is shown, where it can be noted how GPs yield an average improvement (in
terms of model accuracy) equal to 0.37%, at the same time not increasing the model’s

complexity.
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Figure 2.2: Flowchart of the proposed prediction process.

Sliding Window Technique

Finally, a sliding window technique has been adopted in the proposed model to con-
vert time series data into sequential data, in order to forecast PM; 5 levels for both
short-term and long-term time horizons. In particular, this approach involves the eval-
uation of several time lags to identify the setting which enables the model to ade-
quately represent temporal dependencies. The selected time lag allows to identify
patterns and relationships between past PM; 5 concentrations and future values by
examining historical data through the sliding window. By integrating the relevant
information from several time intervals, the sliding window approach improves the
model’s precision in predicting PM; 5 levels across different time horizons.

For the sake of completeness and clarification, a graphical representation of the
proposed prediction process (returning the experimental results further detailed in
Section 2.3.2) is shown in Figure 2.2, while the detailed architectures of the proposed
models are listed in Table 2.2.

2.3.2 Results
2.3.3 Dataset

The experimental dataset (publicly available at [71]) is composed of air quality mea-
surements collected in an interior travelers transit area at the Brindisi airport, in the
south of Italy [63] in the time period October 2022—October 2023. In detail, three in-

expensive commercial sensors—namely, Adafruit MiCS5524, Sensirion SCD30, and
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Table 2.2: Bayesian hyperparameters for the different time lags %#'.

Model W =5 W =10 W =15 W =20
BiGRU neurons = 113 neurons = 128 neurons = 32 neurons = 128
activation = relu activation = tanh activation = relu activation = relu
BiLSTM n.eurc.)ns =92 ne.uro.ns =128 m.eur(?ns =32 ne.uro.ns =128
activation = tanh activation = relu activation = relu activation = relu
filters = 118 filters = 128 filters = 128 filters = 128
CNN kernel_size =3 kernel_size =3 kernel_size =3 kernel_size =3
activation = relu activation = relu activation = relu activation = tanh
neurons/filters = 68 neurons/filters = 46 neurons/filters = 128 neurons/filters = 32
CNN-BiGRU kernel_size =3 kernel_size =3 kernel_size =3 kernel_size =3
activation = relu activation = relu activation = relu activation = relu
neurons/filters = 73 neurons/filters = 128 | neurons/filters = 128 | neurons/filters = 128
CNN-BiLSTM kernel_size =3 kernel_size =3 kernel_size =3 kernel_size =3
activation = relu activation = tanh activation = tanh activation = relu
neurons/filters = 114 neurons/filters = 83 neurons/filters = 100 | neurons/filters = 128
CNN-GRU kernel_size =3 kernel_size =3 kernel_size =3 kernel_size =3
activation = relu activation = relu activation = relu activation = relu
neurons/filters = 98 neurons/filters = 66 neurons/filters = 110 | neurons/filters = 116
CNN-LSTM kernel_size =3 kernel_size =3 kernel_size =3 kernel_size =3
activation = relu activation = tanh activation = tanh activation = tanh
GRU neurons = 32 neurons = 128 neurons = 84 neurons = 89
activation = relu activation = relu activation = relu activation = relu
LMU neurons = 96 neurons = 64 neurons = 128 neurons = 128
activation = relu activation = relu activation = tanh activation = tanh
LSTM neurons = 94 neurons = 128 neurons = 128 neurons = 56
activation = relu activation = tanh activation = tanh activation = relu
RNN neurons = 110 neurons = 128 neurons = 95 neurons = 126
activation = relu activation = relu activation = tanh activation = relu
neurons/filters = 70 neurons/filters = 119 | neurons/filters = 128 | neurons/filters = 115
TCN kernel_size =3 kernel_size =3 kernel_size =3 kernel_size = 3
activation = relu activation = tanh activation = relu activation = relu

Sensirion SPS30—have been used to collect air quality data, such as CO,, temper-

ature, humidity, aggregated gas levels, and PM, 5, with a 2 sec sampling period. By

employing the sliding window mechanism (detailed in Subsection 2.3.1) there has

been the flexibility to re-sample the dataset at different sampling periods. The differ-

ent combinations of sampling period (denoted as Zsampling, dimension: [s]), prediction

horizon (denoted as s, dimension: [h]), and number of predictions (denoted as 7pred,
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Table 2.3: Combinations of sampling time Zsampling, prediction horizon s, and number

of predictions npeq, applied on the chosen air quality dataset.

tsamplingc | Prediction horizon s [h] | npreq [num]
1h 8 8
30 min 3 6
2 min 1 30

adimensional), are listed in Table 2.3.

In the following, This study will evaluate the performance using the dataset re-
sampled as a 1-hour dataset (fsampling = 1 hour). The performance has also been in-
vestigated using other sampling periods (the results are not shown for lack of space).
The chosen combinations guarantee a sufficient level of prediction granularity. As
expected, re-sampling the dataset with Zmpling = 2 min allows to predict PM; 5 vari-
ations in the subsequent hour with a finer detail than in the case with fgampling = 1 hour.

Considering fsampling = 30 min allows to improve the trend estimation accuracy.

2.3.4 Evaluation Metrics

The performance of the considered algorithms is evaluated on the basis of RMSE,
MAE, MAPE, and Coefficient of determination (R?), defined as follows:

1 R
RMSE = EZ()’i_)’i)z (2.5)
i=
1 & .
MAE =~ ) |vi— il (2.6)
i3
1 = (Vi — i
MAPE = 1 20% y~ |71 =3 2.7
oS i
o o2
R =1 i 2.8)
Yi(vi—y)

where: n corresponds to the number of data points in the test set; y; represents the

actual value; y; represents the corresponding predicted value; and y = 1/nY | y; is
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the mean value of data points.

These metrics collectively encompass the comprehensive evaluation of a model’s
performance, highlighting feature relationships, predicting value deviations, and tem-

poral disparities.

As shown in Figure 2.3, RMSE has been designated as benchmark metric for
both training and testing phases. Then, each metric is assessed for various values
of the time lag (denoted as %), leading to a fair performance comparison of the
considered ML and DL models. In fact, less architectural complex models may ex-
perience good overall performance with small values of 7, but may face challenges
in identifying correlations for long-term predictions, particularly with larger input di-
mensions, compensating with higher complexity layers. In most cases, increasing the
historical knowledge yields to improved accuracy across various models, as shown
in Figure 2.4, with CNN-BiGRU returning the best accuracy among the considered

models.

It might also be reasonable for model predictions to become less accurate for in-
creasing values of the prediction horizon s: if s is extended, then the model needs
to identify additional correlations within the data and this may become increasingly
challenging and computationally heavy. As a reference, in Figure 2.5 all the metrics
for a given time lag # and dataset are shown, while Figure 2.6 shows the increas-
ing prediction error as a function of the time horizon. It can be observed that, by
increasing s, ML and DL models lose their ability to predict variations, while they

still capture the trend in long-term predictions.

Finally, in Figure 2.7 an analysis of the performance of various models across
three key metrics—namely, average MAE, MAPE, and RMSE—evaluated over all
the considered time lags # = {5,10,15,20} and all the considered prediction hori-
zons s € {1,...,8}, is provided. The obtained results show that CNN-BiGRU achieves
(on average) the lowest average error, thus highlighting its superior prediction perfor-

mance with respect to the other considered DL models.
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2.3.5 Model Complexity

In order to better focus on the integration of ML and DL models into IoT nodes (often
represented by limited, if not constrained, resources), in addition to the performance
shown in Subsection 2.3.4, the computational complexity of the considered models
has been further investigated considering the number of MACC operations (denoted
as nyacc, adimensional), the RAM usage (dimension: [KiB]), and the execution time

(denoted as fexec, dimension: [ms]), defined as follows:

foree = "MAcC 11 2.9)
Jooard

where: fpoard corresponds the frequency of the STM32F4691-DISCO board [72],
equal to 180 MHz; nyvacc is multiplied by 11 because of the requirement of 11 cy-
cles per MACC (on average, with minimum and maximum values equal to 8.688 and
16.487, respectively, as further detailed in Table 2.5) on that board—this value has
been achieved considering the average nyacc for all of the evaluated models, except
for LMU and TCN.

The above metrics have been evaluated exploiting the STM32CubeMX tool [8],
which allows a seamless import of Al models onto different tiny IoT board, such
as STM32F4691-DISCO board [73]. This has been kept as reference board for the
evaluation of the models’ complexities which are shown in Table 2.4. As can be
seen from Table 2.4, among all the models deployable on the chosen IoT board,
CNN is the most computationally-efficient (in terms of nyacc) for all time lags,
with GRU and RNN ranking as second and third best performing models. At the
opposite, CNN-BiLSTM has the higher computational complexity, closely followed
by BiLSTM. Then, models with balanced computational efficiency across various
time lags include CNN-BiGRU, BiGRU, GRU, and LSTM.

Finally, even if LMU and TCN represent novel architectures for time-series pre-
diction (with LMU achieving a high accuracy with a low complexity), for complete-
ness it should be highlighted that they are currently not natively supported by ST
Edge Al Developer Cloud [74], a remote tool exploited to run the considered ML and
DL models on a remote tiny IoT board directly in the cloud (before being deployed

on real devices). Nevertheless, knowing the functional parameters of the chosen IoT
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board, it has been possible to estimate nyacc and RAM usage also for TCN and
LMU.
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Figure 2.3: Performance of the considered ML and DL models on the basis of RMSE
(with lower values of RMSE being the better) for different time lags #: (a) # =5,

() ¥ =10, (c) # = 15, (d) # = 20.
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Table 2.5: Evaluation cycle per MACC for various values of the time lags 7.

Model W =5|"W=10|WW=15| % =20
BiGRU 10.045 | 10.261 14.571 9.924
BiLSTM 12.065 | 10.462 | 16.487 | 10.381
CNN 10.426 | 11.779 | 11.073 11.985
CNN-BiGRU | 10.475 | 11.608 9.197 12.416
CNN-BILSTM | 10.630 | 9.847 9.513 9.515
CNN-GRU 9.421 10.032 9.962 9.354
CNN-LSTM 9.963 11.619 | 10.310 | 10.272

GRU 14.231 9.879 10.820 | 11.181
LSTM 11.145 | 11.013 11.062 | 14.723
RNN 8.836 8.688 10.608 8.763

2.3.6 Post-Training Quantization (PTQ)

Finally, in order to further optimize DL models predicting PM, 5 values on tiny IoT
devices, an additional investigation has been performed applying a PTQ technique ex-
ploiting the TensorFlow Lite (TFLite) library [75]. In detail, by implementing PTQ, a
significant decrease (in terms of models’ sizes) has been accomplished at the cost of a
minimal prediction accuracy decrease. Nevertheless, despite this slight performance
reduction, the benefits of reduced model size and improved computational efficiency
outweigh the accuracy trade-off. In fact, as highlighted in Table 2.6 (comparing the
sizes of original and TFLite-compressed DL models), PTQ provides significant ben-
efits in practical situations, especially with resource-constrained systems when com-

putational effectiveness is crucial.

As a matter of fact, PTQ with TFLite shows a great potential if applied to efficient
and real-time PM; s monitoring systems, by reducing the computational complexity
during model deployment. Finally, it can be noted that reducing the size of the models
by means of quantization does not impact heavily on the accuracy, as shown in Fig-

ure 2.8, where a (negligible) 1% accuracy reduction is experienced by CNN-BiGRU
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Table 2.6: Comparison (in terms of mean size) between original DL models and their

corresponding TFLite-compressed versions.

Mean original | Mean TFLite .
- ] Model size
Model model size model size .
) ) reduction [%]
[KiB] [KiB]

BiGRU 1347.28 455.86 66.16
BIiLSTM 1484.96 499.86 66.34
CNN 1308.85 431.29 67.04
CNN-BiGRU 1157.80 390.12 66.30
CNN-BiLSTM 3143.70 1052.67 66.51
CNN-GRU 1178.98 392.40 66.71
CNN-LSTM 1246.75 414.85 66.72
GRU 551.09 183.82 66.64
LSTM 873.60 291.91 66.58
RNN 537.26 177.76 66.91

despite a 66% average model’s size’s reduction.

2.3.7 Conclusions

This study presents a comparative study of air quality estimation, specifically target-
ing resource-constrained 10T devices. To achieve this objective, several ML and DL
models (namely: RNN, CNN, LSTM, GRU, LMU, TCN, BiGRU, BiLSTM, CNN-
GRU, CNN-LSTM, CNN-BiGRU, CNN-BiLSTM) have been considered for both
short-term and long-term prediction of the PM; 5 value, exploiting Bayesian opti-
mization to select the best hyperparameters for model training. Among the analyzed
algorithms, CNN-BiGRU shows the highest predictive accuracy and provides an ef-
fective trade-off between computational complexity (in terms of number of MACCs),
memory usage (in terms of RAM), and execution time. In general, while some DL

models may excel in one of the considered performance metrics, they often perform
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Figure 2.8: Comparison (in terms of prediction accuracy) between true PM; 5 values

and predicted values obtained through original and quantized CNN-BiGRU models.

poorly in others. Finally, in order to investigate the impact of 8-bit quantization on
prediction performance, PTQ has been applied to the considered models: quantized
CNN-BiGRU achieves approximately a 66% model size reduction with a prediction

accuracy reduction equal to only 1% (on average).

2.4 Air quality prediction in an outdoor environment

The second scenario focuses on the prediction of PM; 5 values using a dataset con-
taining air quality observations collected in Beijing [76]. Various ML/DL models are
applied and compared to evaluate their prediction accuracy and their suitability for
deployment on resource-constrained edge devices. The main goal of this study is to
jointly investigate accuracy and complexity on tiny loT implementations to identify

the algorithm guaranteeing the best trade-off.
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2.4.1 Dataset Analysis

A dataset from University of California Irvine ML Repository [76], containing 43,820
hourly-collected data (namely: PM, s concentration, dew point, temperature, pres-
sure, combined wind direction, cumulated wind speed, cumulated hours of snow, and
cumulated hours of rain), is used as reference dataset in the current study. In order to
use this dataset as an input for the ML and DL algorithms of interest and to improve
data quality for more accurate predictions, a data transformation is expedient. This is
relevant also because duplicate or missing values may give an incorrect view of the
overall data statistical distribution, as outliers and inconsistent data usually tend to
impair the model’s overall learning, thus leading to inaccurate predictions.

The observation timestamp should first be assigned as dataset index. Since the
input dataset had 2,067 missing PM, s concentration values, each of these missing
values has been filled with the data associated with the previous timestamp. Alterna-
tive ways for filling the missing values can be considered, such as using the average
value of the PMj; 5 column or exploiting the KNNImputer library [77]. Neverthe-
less, experimental evaluations using the GRU model returned an RMSE (dimension:
[ppm]) equal to 25.1 and 26.32 for the average PM; 5 value and the KNNImputer
library, respectively. However, these approaches lead to RMSE values greater than
that obtained associating the previous timestamp, which is equal to 24.67. Therefore,
filling the missing value at a given timestamp with the value associated with the pre-
vious timestamp is the best strategy. Furthermore, on the basis of the PM; s values
contained in the dataset, an air quality label for each record has been determined,
as shown in Table 2.7. The distribution of data, according to the chosen labeling, is

shown in Figure 2.9.

In order to evaluate the data and achieve the appropriate prediction accuracy, it
is necessary to investigate the correlation between the most influential features. As
a result, the Pearson correlation coefficient R between all possible pairs of types of
data (e.g., PM; 5 and dew, PM, 5 and temperature, etc.) is shown in Table 2.8.

After preprocessing, a time series is obtained, defined as a collection of observa-

tions indexed over a period of time. The following general notation is used for a time
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Table 2.7: Air quality according to PM, 5 values.
PM, 5 Air Quality
0—-12.0 ® Good
12.1-354 Moderate
35.5—-55.4 ® Unbhealthy for sensitive groups

55.5—150.4 ® Unhealthy

150.5—250.4 | @ Very Unhealthy

250.5—-500.4 | ® Hazardous
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Figure 2.9: Distribution (in terms of occurrences) of the air quality labels applied to
the input dataset.

Table 2.8: Correlation coefficient R between pairs of types of data available in the

dataset.
PM; 5 Dew Temperature Pressure Wind direction Wind speed Snow hours Rain hours
PM; 5 1.00 0.17 —0.09 —0.05 0.20 —-0.25 0.03 —0.04
Dew 0.17 1.00 0.83 —0.75 0.24 —0.31 —0.02 0.12
Temperature —0.08 0.83 1.00 —0.80 0.19 —0.16 —0.09 0.06
Pressure —0.07 —0.75 —0.78 1.00 —0.17 0.19 0.08 —0.08
Wind direction 0.20 0.24 0.19 —0.17 1.00 —0.21 0.02 —0.06
‘Wind speed —0.25 —0.29 —0.16 0.17 —0.1 1.00 0.03 —0.02
Snow hours 0.03 —0.04 —0.10 0.06 0.02 0.01 1.00 —0.02
Rain hours —0.04 0.12 0.04 —0.08 —0.06 —0.01 —0.2 1.00
SEries:
{x} teT (2.10)

where: T C N7 is the observation period; and x; is the specific observation at time ¢.
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As time series forecasting corresponds to a technique using both past (historical) and

present data to predict the value at a specific future instant.

2.4.2 Performance Evaluation

In the following, a performance evaluation of the ML and DL algorithms, in terms
of both prediction accuracy and computational complexity, is performed. In detail,
the implementation and training of these ML and DL algorithms is based on the use
of the Keras framework [78], with TensorFlow [79] as back-end and the scikit-learn
library [80]. ADAM and RMSProp optimizers are used to check and compare the

prediction performance in the case of DL algorithms.

Evaluation Metrics

In order to evaluate the accuracy of a prediction algorithm, proper performance met-
rics need to be selected as loss functions. To this end, MSE, MAE, RMSE, R?, and
Symmetric Mean Absolute Percentage Error (SMAPE), defined as follows:

N—1

N R
MSE(y, ) £ N Y i—5)? (2.11)
i=0
A lN—l
MAE(y,5) = & ), [vi =3 (2.12)
i=0
RMSE(y,9) = /MSE(y, ) (2.13)
N—1 .
L [yi—lsil
R(y9) 21— S—— (2.14)
Y yi—Jl
i=0

s 100% S |yi— [9i]
SMAPE(y,) 2 N Z ‘ \l)’i|7|yAfl| ‘ (2.15)
i=0 5

where: N is the total number of samples in the test set; y = (yo,...,yy—1) is the

actual (target) values vector; § = (Jo,...,9n—1) is the vector of predicted values; and

N-1
72 ¥ y;/N is the arithmetic average of actual values.
i=0
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Figure 2.10: NN architecture.

In order to evaluate the complexity, the following metrics are considered: MACC
operations; the size of the expected Read/Write (RW) memory chunk used to store
the intermediate inference computing values (“RAM”); and the size of generated

Read-Only (RO) memory spaces to store the weight/bias parameters (“ROM/Flash”).

Proposed Model

In order to perform a fair performance analysis of the ML and DL algorithms, the
same input dataset and the same architecture are considered. In particular, as shown
in Figure 2.10, the common architecture consists of: three hidden layers with 32, 8,
and 3 neurons, respectively; an input layer containing a number of neurons equal to
the number of features contained in the considered dataset, which is 8. The ReLU
function [81] (defined as x* £ max(0,x), where x is the input of a neuron) is con-
sidered as the activation function in these NNs, while the total number of samples is
43,820 and the sizes of the training and test sets are equal to 35,040 and 8,780 sam-
ples, respectively. The following parameters, identified through various experiments,
have been set to train the NNs: learning rate equal to 0.0015; batch size equal to 72;

and number of epochs equal to 100.
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Table 2.9: Experimental accuracy performance of k&-NN, DTR and SVR algorithms.

k-NN | DTR SVR
RMSE | 31.87 | 38.93 | 47.1754
MAE | 20.58 | 21.28 | 40.1736
SMAPE | 3190 | 38.93 | 5887
R? 0.87 | 0.814 | 0.7471

Table 2.10: Experimental accuracy performance with the ADAM optimizer, consid-

ering a 1-step ahead prediction horizon (s = 1) and a time lag #" = 1.

MLP | SimpleRNN | LSTM | BiLSTM | GRU

RMSE 57.78 30.32 29.43 30.84 27.44
MAE 45.22 19.70 17.27 18.30 13.18

SMAPE | 59.25 28.30 26.47 27.81 18.77
R? 0.591 0.887 0.894 0.883 0.907

Table 2.11: Experimental accuracy performance with the RMSProp optimizer, con-

sidering a 1-step ahead prediction horizon (s = 1) and a time lag # = 1.

MLP | SimpleRNN | LSTM | BiLSTM | GRU

RMSE 61.30 29.60 29.97 30.45 24.67
MAE 49.60 21.15 21.99 22.63 13.76
SMAPE | 57.38 34.96 36.25 37.04 22.29
R? 0.540 0.8928 0.890 0.886 0.925

Accuracy Assessment

The accuracy performance of ML algorithms (namely, k&-NN, DTR and SVR) is
shown in Table 2.9: it can be concluded that k-NN is the best performing algorithm
in terms of air quality prediction accuracy. Table 2.10 and Table 2.11 show the ex-
perimental results of prediction algorithms by considering two different optimizers
(ADAM and RMSProp), a 1-step ahead prediction horizon (s = 1), and a time lag
# = 1. In this case, GRU outperforms the other algorithms in terms of air quality
prediction accuracy.

Since ANNs and ML algorithms do not perform very well with respect to DL al-
gorithms, in the following the focus will only be on RNNs. In Table 2.12, extends the

performance analysis of Table 2.11 considering the RMSProp optimizer and various
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Table 2.12: Experimental accuracy performance of DL algorithms with the RMSProp
optimizer, considering a 1-step ahead prediction horizon (s = 1) and various values

of #'.

Method Metric W =4 | W=I12 | ¥ =24
RMSE 20.342 20.027 20.724
MAE 11.422 11.004 11.718
GRU 5
R 0.951 0.948 0.958
SMAPE 18.1 174 18.2
RMSE 22.154 21.189 22.527
MAE 12.985 12.105 12.718
LSTM 5
R 0.945 0.947 0.949
SMAPE 29.4 20 21.3
RMSE 21.218 21.541 21.817
. MAE 12.722 12.467 12.678
SimpleRNN 5
R 0.940 0.946 0.946
SMAPE 21 19.4 23.5
RMSE 21.675 21.018 20.989
. MAE 12.271 12.380 11.973
BIiLSTM 5
R 0.947 0.948 0.948
SMAPE 20.2 25.2 21.4
RMSE 21.893 21.631 22.266
MAE 12.359 12.48 12.963
CNN 5
R 0.896 0.912 0.880
SMAPE 21.5 21.2 21.6

values for the time lag % (namely: 4, 12, and 24): the best performing algorithm is
GRU, with RMSE minimized in correspondence to a time lag 7 = 12. This might
be intuitive, as # = 12 allows GRU to predict the air quality considering half a day
as previous time steps, and leads as a reasonable trade-off among short (i.e., 1 hour)
and long (i.e., 24 hours) time lags.

Furthermore, an additional performance evaluation with a 3-step ahead prediction
horizon (i.e., s = 3), whose results are shown in Table 2.13, has been performed. Even
in this case, GRU guarantees the highest accuracy. Finally, for the sake of clarity, in
Figure 2.11 the real data samples are directly compared with the values predicted by
GRU (i.e., the best algorithm) with # = 1 and s = 1. A very high estimation accuracy
can be observed.

To conclude, on the basis of the experimental results obtained in predicting the
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Table 2.13: Experimental accuracy performance of DL algorithms with the RMSProp
optimizer, considering a 3-step ahead prediction horizon (s = 3) and various values
of #.

Method Metric W =4 W =12 W =24
RMSE | 22463 | 22012 | 22.327
MAE | 13.549 | 13253 | 13.684
GRU >
R 0835 | 0813 | 08159
SMAPE | 348 34.0 355
RMSE | 24.035 | 24777 | 24.862
MAE | 16403 | 16764 | 16.137
LSTM >
R 0779 | 0.774 | 0.784
SMAPE | 384 416 372
RMSE | 24208 | 24.428 | 24.117
SimolerNN |_MAE_| 16427 | 16752 | 16766
1m
ple 2 0766 | 0772 | 0728
SMAPE | 39.1 422 39.1
RMSE | 22.675 | 23.162 | 22.231
_ MAE | 13.625 | 14.112 13.7
BiLSTM >
R 0816 | 0.0872 | 0825
SMAPE | 35.1 392 363
RMSE | 25.035 | 24.862 | 25471
MAE | 15707 | 15412 | 15.601
CNN e
R 0766 | 0.787 | 0.794
SMAPE | 48.1 492 463

air quality with 1-step and 3-step ahead prediction horizons (s = 1 and s = 3, respec-
tively) and taking into account different time lags 7, it has been highlighted how
GRU allows to take into account short-term and long-term dependencies, generally

returning a more accurate prediction with respect to other methods.

Computational Complexity Assessment

In addition to the experimental results presented in Section 2.4.2, time and compu-
tational complexities are other relevant criteria for the selection and application of
prediction algorithms for IoT applications: the lower the algorithm complexity, the
highest the applicability to devices with limited resources [82].

The DL algorithms listed in Table 2.12 have been further evaluated, in terms of
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Figure 2.11: PM; 5 concentration prediction results obtained by GRU, with a time lag
W =1, and considering a 1-step ahead prediction horizon (s = 1).

computational complexity, through the STM32Cube tool [8] on the STM B-L475E-
IOTO1A1 board [83]. The obtained experimental results are shown in Table 2.14,
considering the metrics introduced in Subsection 2.4.2. From the obtained results, it
can be concluded that SimpleRNN has the lowest overall complexity, whereas GRU
(the best performing algorithm, in terms of prediction accuracy, as shown in Subsec-

tion 2.4.2) has an high complexity in comparison to SimpleRNN.

Joint Accuracy-Complexity Trade-Off

Finally, in order to investigate the joint computational-accuracy performance, it is of
interest to consider a performance metric which captures jointly the computational

complexity and the accuracy. For this purpose, the following are considered:

* the normalized SMAPE, defined as Sl\f&PE € (0,1), as error metric;

* various computational complexity metrics: weights, total RAM, MACCs, and

execution time.
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Table 2.14: Experimental computational complexity of the RNNs of interest.

Criterion SimpleRNN LSTM BiLSTM GRU
Total Flash [KiB] 20.48 41.81 36.30 38.13
Weights [KiB] 6.28 22.03 14.03 16.90
Library [KiB] 14.21 19.78 22.28 21.23
Total RAM [KiB] 3.50 4.25 4.60 4.03
Activations [KiB] 1.12 1.75 1.31 1.62
Library [KiB] 2.38 2.50 3.29 2.40
MACCs [num] 31,794 127,026 77,874 94,002
Execution time [ms] 0.023 0.092 0.060 0.101

Criterion ¢ SimpleRNN LSTM BiLSTM GRU
Weights [KiB] 1.19 1.53 1.702 0.8866
Total RAM [KiB] 2.125 7.9308 5.1911 3.718
MACCs [num] 10,809.96 45,729.36 | 28,813.38 | 20,680.44
Execution time [ms] 0.00782 0.03312 0.0222 0.02222

Table 2.15: Joint accuracy-computational performance (in terms of &) of the RNNGs.

Denoting as ¢ one of the selected computational complexity metrics, the joint

complexity-accuracy performance metric, defined as &, can be expressed as follows:

SMAPE
=——"0c.

: 100

(2.16)

The obtained results are shown in Table 2.15, where it can be seen that, depending
on the considered computational complexity metric, the RNNs which guarantee the
best trade-off are SimpleRNN and GRU.

2.4.3 Conclusions and Future Works

This study presents an experimental comparison of ML algorithms (k-NN, DTR,
SVR, ANN) and DL algorithms (SimpleRNN, LSTM, BiLSTM, CNN, GRU) for
air quality prediction, focusing on the accuracy-complexity trade-off for their appli-
cability to IoT systems. According to the experimental results, the DL algorithms are
superior (in terms of prediction accuracy) to the ML algorithms, when dealing with

time series data since they can learn better long-term dependencies and relationships.
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In comparison to KNN, when GRU is used, the RMSE is reduced by about 15%. De-
pending on the selected computational complexity metric, SimpleRNN (total RAM,
MACC s, execution time) or GRU (weights) are the ones guaranteeing the best trade-
off. Additionally, in future research activities mobile tiny IoT devices [84] could be

used to predict air quality.
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Deep Neural Quantization for
Speech Detection of Parkinson
Disease

3.1 Introduction

PD is a neuro-degenerative disorder that impacts the central nervous system and has
a profound effect on the well-being of over 10% of elderly individuals globally [85].
Unfortunately, the number of people affected by PD is expected to rise from about
4M in 2005 to approximately 9M in 2030 [86]. More in detail, the initial phase of
the PD is marked by symptoms including rapid eye movement sleep behavior dis-
turbance, hyposmia (diminished sense of smell), constipation, and speech changes.
Furthermore, the PD impacts the motor system, resulting in symptoms such as hand
and leg tremors, bradykinesia (slowness in movement), and disruption of bodily bal-
ance and cognitive issues, such as depression and nervousness [87,88]. The onset of
PD is likely the result of a combination of genetic and environmental variables, inter-
acting with each other during the process of brain aging [89]. The presence of PD is
mostly declared on the basis of clinical observations because there is currently a lack

of accurate and proven biomarkers to diagnose the course of the disease [90].
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In order to try to fill this “gap” in diagnosis accuracy, the adoption of enhanced
mechanisms should be considered. To this end, DL techniques represent effective
“tools” to early detect PD, because of their ability to efficiently analyze intricate and
multi-dimensional data, such as medical images, speech recordings, or gait signals,
which are commonly used in diagnosing PD [91].

Given these potentialities, in this study an experimental performance evaluation
of different DL models in diagnosing PD, based on voice signals, is presented and dis-
cussed. In detail, in addition to “canonical” ML models (namely: k-NN; AdaBoost;
DT; RF and DL mechanisms (namely: MLP; LSTM; GRU; CNN; LMU; TCN, also
Quantized DL (QDL) one-dimensional CNN (1D-CNN) and MLP models (namely:
QID-CNN and QMLP) have been considered and evaluated on a STM32US tiny IoT
MCU.! The achieved results allow to demonstrate the deployability of the considered
ML/DL/QDL models on off-the-shelf and inexpensive MCU. In particular, RF and
1D-CNN outperform the other ML/DL algorithms and QDL models enable a sub-
stantial flash memory saving (compared to non-quantized models) while maintaining

a relatively high accuracy.

3.2 Literature Review

With regards to the use of ML and DL voice analysis methods to detect PD, in [92]
different DL models are employed in order to identify PD looking at two distinct
symptoms, namely gait and speech disorders. In detail, the proposed model is com-
posed of 1D-Conv layers and is compared with SVM, XGBoost, and MLP models, in
the end achieving (by looking at the outcome obtained by analyzing speech data) an
accuracy equal to 89.15%, while the considered reference models return accuracies
of 81.16%, 77%, and 85.60%, respectively. Similarly, in [93,94] various ML mod-
els, including SVM, RF, k-NN, and logistic regression, for PD early recognition, are
considered: RF achieves a detection accuracy and a sensitivity equal to 91.83% and

0.95, respectively.

IB-U585I-IOT02A Discovery Kit. https://www.st.com/en/evaluation-tools/
b-u585i-iot02a.html.
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In [95], the authors explore the application of SVM models with various kernel
types for the classification of PD based on voice samples. More in detail, Perceptual
Linear Prediction (PLP) and Reflexive Structural PLP (RASTA-PLP) are used for
voice extraction, then obtaining that the highest classification accuracy (equal to
74%) is achieved by adopting a PLP feature extractor and an SVM model with a
Radial Basis Function (RBF) kernel.

A novel approach for detecting PD from speech signals, involving a combination
of 2D-Conv and 1D-Conv layers, is discussed in [96], using two datasets consisting
of recordings of voices in Spanish and Chinese languages. According to the results
obtained with both these languages, the proposed models return accuracies of 75.3%
and 92%, respectively. An enhanced version of the AlexNet model, incorporating
Mel-frequency Cepstral Coefficients (MFCCs) features, is employed in [97] to accu-
rately predict the presence of PD by analyzing voice samples, in the end returning a
notable level of precision, with a classification accuracy equal to 95%.

Finally, in [98] DL models (including CNNs and Bidirectional LSTM, Bi-LSTM)
are used for PD detection, in detail applying a 10-fold cross validation to train the
models. On the basis of the achieved results with a short sentence voice signal, CNNs
and Bi-LSTM reach classification accuracies equal to 83.52% and 84.29%, respec-
tively.

3.3 Dataset

The reference dataset adopted in this study for PD detection corresponds to a dataset
comprising voice recordings of Italian speech and vowel sounds obtained from a total
of 65 people, divided as follows: (i) 15 young healthy individuals aged 19-29 years,
including 13 men and 2 women, kept as “reference” because of their neuromotor
characteristics helping in defining a reliable lower limit of the “systematic” error rate
for each word composing the dataset; (ii) 22 senior individuals aged 60-77 years, in-
cluding 10 men and 12 women, all being in healthy condition and none reporting par-
ticular speech or language disorders; and (iii) 28 individuals (19 men and 9 women)
aged 40-80 years and diagnosed with PD [99,100].
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Figure 3.1: Proposed PD early detection procedure.

Overall, the reference dataset comprises 373 audio recordings from individuals
without PD and 437 audio recordings from individuals diagnosed with PD. All audio
recordings were collected at a 16 KHz sampling rate. On the practical side, the pro-
tocol followed to generate the dataset required the completion of the following tasks:
(i) reading a phonetically balanced text (spaced by a pause); (ii) executing the sylla-
bles pa and t a (with an intermediate pause); (iii) two phonations of the vowels a, e,
i, o, u; and (iv) reading a list of some phonetically balanced words and phonetically

balanced sentences (spaced by a pause).

3.4 Proposed model

An overview of the operational procedure applied to the reference dataset is provided
to prepare it as input for the ML and DL models, as illustrated in Figure 3.1. Next,
the models selected for the experimental comparison are described.

3.4.1 Data Pre-Processing
Feature Extraction

To extract relevant features from the audio recordings in the reference dataset, the
MEFCCs are initially derived from the voice samples, with 40 MFCCs extracted for
each sample. MFCCs are widely used in audio signal processing for tasks such as

voice recognition and sound classification [101].
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Table 3.1: Network architecture of the evaluated DL models.

1D-CNN GRU
Convl1D (filters = 128, kernel_size = 3)
MaxPooling1D GRU (layer_size = 128)
Conv1D (filters = 128, kernel_size = 3) Dropout (0.2)
MaxPooling1D

Dense (layer_size = 128, activation = relu)

Dense (layer_size = 64, activation = relu)

Dense (layer_size = 128, activation = relu)

Dense (layer_size = 64, activation = relu)

Dropout (0.2)
Dropout (0.2) Dense (layer_size = 24, activation = relu)
Dense (layer_size = 24, activation = relu) Dropout (0.2)
Dropout (0.2) Dense (layer_size = 1, activation = relu)
Dense (layer_size = 1, activation = relu)
LSTM MLP
LSTM (layer_size = 128) Dense (layer_size = 128, activation = relu)
Dropout (0.2) Dropout (0.2)
Dense (layer_size = 128, activation = relu) Dense (layer_size = 128, activation = relu)
Dropout (0.2)

Dense (layer_size = 64, activation = relu)
Dense (layer_size = 64, activation = relu)

Dropout (0.2)
Dense (layer_size = 24, activation = relu) Dense (layer_size = 24, activation = relu)
Dropout (0.2) Dropout (0.2)
Dense (layer_size = 1, activation = relu) Dense (layer_size = 1, activation = relu)
LMU TCN
LMU (layer_size = 128) TCN (filters = 128, kernel_size = 3, dilations = [4, 8, 16])
Dropout (0.2) Dropout (0.2)
Dense (layer_size = 128, activation = relu) Dense (layer_size = 128, activation = relu)
Dense (layer_size = 64, activation = relu) Dense (layer_size = 64, activation = relu)
Dropout (0.2) Dropout (0.2)
Dense (layer_size = 24, activation = relu) Dense (layer_size = 24, activation = relu)
Dropout (0.2) Dropout (0.2)
Dense (layer_size = 1, activation = relu) Dense (layer_size = 1, activation = relu)

Data Normalization

The data normalization (considering the MFCCs features mentioned before) is per-

formed on each of the 810 audio recording composing the dataset, as follows:

Vi — U

O;+ &

Yhorm; = (31)

where: y; represents the 40 MFCCs extracted from the i-th audio recording com-

prised in the reference dataset (i € 1,...,810); u; denotes the mean value calculated



Chapter 3. Deep Neural Quantization for Speech Detection of Parkinson
60 Disease

over all the 40 MFCCs y;; o; represents the standard deviation of the 40 MFCCs; &
is a small constant (equal to 1 - 10~19) added to the denominator to prevent division

by zero.

Synthetic Minority Over-Sampling Technique (SMOTE)

SMOTE is a technique used to handle imbalanced class distributions in classification
problems [102]. In detail, since conventional ML techniques tend to prioritize the
dominant class, resulting in decreased results when one class is significantly under-
represented, SMOTE addresses this issue by generating synthetic samples for the
minority class. Since, as detailed in Section 3.3, the reference dataset is imbalanced,
SMOTE is applied to balance the class distribution and ensure equal representation
for each class. finally obtaining 437 data samples for both healthy and unhealthy

classes.

3.4.2 Data Conversion to 8-bit Integer Representation

Given the need, as detailed in Section 3.1, to be able to run the ML/DL/QDL models
on tiny constrained IoT devices and due to their general well-known restrictions (i.e.,
in terms of restricted memory resources of embedded devices), a data conversion
from their input form (typically, floating point) to a corresponding 8-bit integer rep-
resentation was beneficial, in the end resulting in reduced memory usage and power
consumption. To this end, since a quantization of the models themselves might be
useful, especially looking for profiling the performance trends with respect to non-
quantized models, in the current study data quantization has been implemented by
applying a Quantization Aware Training (QAT) [103] during the models’ training,
with floating point values being converted to a smaller range of distinct (usually inte-
gers) values. For the sake of clarity, it should be highlighted that, unlike post-training
quantization techniques, QAT integrates the impact of quantization directly into the

training process, without causing considerable accuracy degradation.
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Figure 3.2: Confusion matrices of the considered DL and QDL models: (a) LSTM,
(b) ID-CNN, (¢) MLP, (d) GRU, (e) LMU, (f) TCN, (g) Q1D-CNN, (h) QMLP.

3.4.3 k-Fold Cross Validation

In order to evaluate the performance and the accuracy of the discussed ML/DL meth-
ods, in this study, the k-fold cross-validation method has been utilized, which splits
the reference training dataset into kK = 10 equal-size subsets. Then, each subset is used
as validation set, while the remaining k — 1 subsets are used for training, maximizing
in this way the usage of available data—this is effective for studies with limited data.
Moreover, this k-fold approach provides several advantages, preventing overfitting,
guaranteeing reliable accuracy, and allowing model generalization. At the end, the
training and the test sets were composed of 629 and 175 samples, respectively. For
the sake of completeness, a brief summary of the architecture of the DL models of

interest is presented in Table 3.1.
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Table 3.2: Experimental performance results of the considered ML, DL, and QDL

models.

Model Accuracy | Precision Recall F1 Score | ROCpyc
AdaBoost 0.9257 0.9176 0.9285 0.9230 0.9833
. DT 0.8628 0.8571 0.8571 0.8571 0.8576
= k-NN 0.8914 0.9710 0.7961 0.8758 0.9650
RF 0.9428 0.9302 0.9523 0.9411 0.9827
LSTM 0.8742 0.8100 0.9642 0.8804 0.9480
1D-CNN 0.9657 1.0000 0.9285 0.9629 0.9869
_4 MLP 0.9257 0.9382 0.9047 0.9212 0.9774
A GRU 0.9142 0.9058 0.9166 09112 0.9631
LMU 0.8971 0.9125 0.8690 0.8902 0.9625
TCN 0.8228 0.7849 0.8690 0.8248 0.8767
51 QID-CNN 0.9028 0.8681 0.9404 0.9028 0.9675
o QMLP 0.8285 0.8292 0.8095 0.8192 0.9272

Table 3.3: Computation complexity of the considered ML, DL, and QDL models.

Model nmac [num] | Flash [KiB] | RAM [KiB] | fexec [ms] | Memory Usage [MB]
AdaBoost 2004 128 89 0.7401 0.049
) DT 11 10 2 0.01233 0.004
= kNN - - - - 0.110
RF 1134 130.3 1.99 0.6065 0.429
LSTM 2,694,099 384 7 149.2 1.116
1D-CNN 1,005,651 761 23 52.41 2.240
i MLP 31,955 135 4 1.390 0.409
A GRU 2,018,259 320 7 129.7 0.929
LMU 52,840 421 - — 1.286
TCN 1,894,129 1,070 - - 3.218
5 QID-CNN 917,272 114.15 - - 1.463
o QMLP 31,256 31.37 - - 0.432

3.4.4 Performance Metrics

The performance of the considered ML, DL, and QDL

relying on the following metrics.

models has been evaluated

* Accuracy, defined as the ratio between the total number of correct decisions
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and the total number of decisions:

Accuracy = IP+1TN (3.2)
YT TPYTN+FPYFN :

where: TP is the number of true positives; TN is the number of true negatives;

FP is the number of false positives; and F'N is the number of false negatives.

* Precision, defined as the ratio between correctly predicted positive observa-

tions and the number of all predicted positive observations:

TP

TPLFP (3-3)

Precision =

* Recall, defined as the ratio between the number of correctly identified positive
observations and the total number of actual positive observations:

TP
Recall = -———. 4
ecal TPLEN 3.4
* F1 score, corresponding to the harmonic mean of precision and recall:
Fl— 2 - Precision - Recall
" Precision+ Recall
2-TP
3.5)

T 2. TP+FP+FN’

* Matthews Correlation Coefficient (MCC), corresponding to a measure between
the observed and predicted binary classifications, and ranging between —1
and 1 [104]:

TP-TN—FP-FN

McC = . (3.6)
V/(TP+FP)(TP+FN)(TN +FP)(TN+FN)

In particular, MCC values have the following meanings: +1 means perfect
prediction; O identifies a no better than random prediction: and —1 stands for

total disagreement between prediction and observation
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Figure 3.3: ROC curves of the considered ML models.

3.5 Results and Discussion

The performance and accuracy of the ML models (namely: k-NN, AdaBoost, DT,
RF) and DL models (namely: MLP, LSTM, GRU, 1D-CNN, LMU, TCN) are eval-
uated for the early detection of Parkinson’s disease (PD) using voice speech record-
ings. For the sake of clarity, in Figure 3.2 the confusion matrices returned by each
DL and QDL model of interest—comparing the true values, .#jye, With the pre-
dicted ones, .jredicted—are shown, while the performance metrics (detailed in Sub-
section 3.4.4) returned by all involved models, as well as the Area Under the ROC
Curve! (Area Under the ROC Curve!)—measuring the entire two-dimensional area
underneath the entire Receiver Operating Characteristic (ROC) curve—are listed in
Table 3.2. Moreover, the ROC curves themselves—representing the trade-off between
TP rate and FP rate for different threshold values—for the considered ML, DL, and
QDL models are shown in Figure 3.3 (ML) and Figure 3.4 (DL and QDL), respec-
tively.

On the basis of the results presented in Table 3.2, it can be observed that RF ex-

hibits a superior performance (with accuracy equal to 94.28%) with respect to the
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Figure 3.4: ROC curves of the considered DL and QDL models.

other considered ML models, while, on the other hand, 1D-CNN attains an accuracy
equal to 96.58%. This is also confirmed by looking at the MCCs of the considered
models, shown in Figure 3.5, where the obtained performance results identify RF
and 1D-CNN as models yielding the highest values, equal to 0.897 and 0.933, re-
spectively.

Based on the results presented in Table 3.2, Quantized Keras (QKeras)? is ap-
plied. to quantize 1D-CNN and MLP models using 4-bit activation and 8-bit weights
(in the end obtaining QID-CNN and QMLP models), since they outperformed the
others DL models. The effectiveness of this quantization strategy is confirmed also
by the experimental computational complexity detailed in Table 3.2, in terms of (i) the
amount of MACC operations (denoted as nyac), (ii) the required FLASH and RAM
memory, (iii) the execution time (denoted as fexec), and the memory used to store the
model on the device (dimension: [MB]), in order to determine which model is most
suitable for implementation inside tiny (constrained) IoT devices. More in detail, the

experimental computational complexity results have been derived by exploiting the

2Deep Quantized Neural Network Support. https://wiki.st.com/stm32mcu/wiki/AT:

Deep_Quantized_Neural Network_support.
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Figure 3.5: MCC:s of the considered ML/DL/QDL models.

STM32Cube Al Developer Cloud.? Unfortunately, as of today, this cloud platform is
not yet able to support some ML/DL models (namely: k-NN, LMU, TCN, QMLP, and
QID-CNN) due to their lack of compatibility—this is the reason why some results in
Table 3.3 are missing. Moreover, it should be noted that the weights for ML and DL
models are represented as 32-bit floating point (f Lloat 32), while QDL models are

represented as 8-bit signed integer (int8).

Looking at the results presented in Table 3.3, it can be noted that both Q1D-CNN
and QMLP demonstrate a substantial reduction in terms of flash memory usage, if
compared to their non-quantized counterparts—namely, an approximate reduction of
84.99% in the case of Q1D-CNN/1D-CNN, and an approximate reduction of 76.77%
in the case of QMLP/MLP—while maintaining a relatively high accuracy equal to
90.28% and 82.85%, respectively. Moreover, Q1 D-CNN requires 34.6% less memory
than 1D-CNN.

3STM32Cube.Al Developer Cloud. https://stm32ai-cs.st.com/.
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3.6 Conclusions

In this study, a comparison between different ML and DL models (as well as a quan-
tized version of two DL mechanisms) for early PD detection, applied to a public Ital-
ian voice speech dataset, has been presented. The deployability of selected DL mod-
els over tiny constrained IoT devices has been assessed exploiting the STM32Cube
Al Developer Cloud online tool. On the basis of the achieved experimental results,
1D-CNN is the best performing DL model in PD detection, with accuracy, recall,
and Area Under the ROC Curve (AUC) equal to 96.57%, 96.29%, and 0.9869, re-
spectively. Subsequently, the introduction of Q1D-CNN and QMLP (in order to rely
on quantized DL for this kind of health disorder recognition) highlighted how a NN
model’s quantization yields a reduction of flash memory footprint on the order of
84.99% and 76.77% with respect to 1D-CNN and MLP, respectively, but also (unfor-
tunately) an accuracy decrease by 6.73% and 11.08% with respect to 1D-CNN and
MLP, respectively.






Chapter 4

Benchmarking Tiny Audio
Denoising with Deployability
Constraints

4.1 Introduction

Speech enhancement is recognized as being a crucial domain of study and implemen-
tation in the field of digital signal processing and audio engineering. Telecommunica-
tions, voice-controlled devices, hearing aids, and visual entertainment are just a few
of the many contexts where speech enhancement is required [105]. Background noise,
reverberation, and interference are well-known environmental factors that can cause
speech signals to deteriorate [106], and where spectral subtraction [107], Wiener fil-
tering [108], and signal subspace approach [109] are notable classical methods of
speech enhancement.

Recently, DL has emerged as an effective approach for addressing these prob-
lems. In fact, using DL methods, the noisy input signal can be effectively represented
and used to rebuild a clean signal [110]. Notable benefits of DL. models compared
to traditional methods are (i) their ability to capture non-linear correlations between

noisy and clean speech signals, (ii) their adaptability to various forms of noise and
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acoustic situations, and (iii) their training on extensive datasets [111].

On the basis of these benefits, this study proposes a comparison of various DL
models, namely (i) LSTM, as proposed by the MLPerf Tiny Working Group (of the
MLCommons Association) [112], TCN [17], (iii)) LMU [20], and (iv) a combination
of attention mechanisms with CNNs, aiming at assessing their performance in terms

of speech enhancement and computational complexity.

4.2 Literature Review

Focusing on key contributions and findings from prior research in the field of audio
enhancement, the Tiny Recurrent U-Net [113] is specifically crafted for real-time au-
dio enhancement applications. In detail, the model utilizes Per-Channel Energy Nor-
malization (PCEN) [114] as input to process audio files. The network architecture
is an encoder/decoder with a fusion of one-dimensional CNN (1D-CNN) and Gated
Recurrent Unit (GRU) layers, chosen to balance computational complexity. Notably,
the model is designed with a minimal parameter count of only 0.38 million, mak-
ing it well-suited for deployment on embedded devices with limited computational
resources.

In [115], the authors propose a specific model—namely, a fully Convolutional
Denoising AutoEncoder (CDAE) [116] model—for audio enhancement of audio files,
with a considered sample rate for audio files equal to 44.1 kHz, and the dataset being
composed of 100 sound files. This approach provided better results in comparison
to Feed Forward Networks (FFNs) using only a small number of parameters: with
CDAE the number of parameters needed by the NN decreased to 4,169,499. This
leads to reduced computational complexity and faster inference times, making the
method more practical for real-time applications.

Finally, in [117] a lightweight audio denoising model for removing babble noise
and enhancing audio quality is proposed. In detail, the proposed model consists of re-
peated units of convolution, batch normalization, and ReLLU activation. The network
consists of a total of 16 blocks, which corresponds to a total of 33,000 parameters,

which makes it appropriate to execute on edge devices.
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4.3 Dataset

4.3.1 Dataset Description

The dataset provided by MLCommons consists of 60,001 clean audio files, serving
as reference audio, and of 60,001 noisy audio files, with all audio files being 30 s
long, with a sample rate of 16,000 Hz in mono format. To this end, Figure 4.1 shows
a comparative analysis of clean and noisy audio signals in both time (waveforms on

the left) and frequency (spectrograms on the right) domains.

4.3.2 Dataset Pre-processing

In this stage, the Short-Time Fourier Transform (STFT) is computed for both the
clean audio file and its corresponding noisy audio file. The STFT is evaluated using
specified parameters, including a sampling rate of 16,000 Hz, a frame length of 256
samples (window size), and a Fast Fourier Transform (FFT) length of 512. In order to
preserve the main characteristics of each audio’s STFT, both magnitude information
(real part) and phase information (imaginary part) are retained, with real and imagi-
nary parts of the i-th component of the STFT (i € {0,...,256}) being then normalized

(by considering frame length) as follows:

1 .
o Xi . m if max(\x\) >0 (4 ])
= .
max(|x[) | otherwise

A

where: max(|x|) max _ (|x;]); ri,i € {0,...,256} is the normalized value of the

element x; in the arr;; ¥:7gl"sl§ere are 48,001 audio files set aside for training, 6,001 for
validation, and 5,999 for testing in the MLCommons dataset. The pre-processed data
comprises STFT representations of both clean and corresponding noisy audio sig-
nals. The provided dataset structure has been pre-processed specifically for super-
vised learning. In this context, the models are trained to remove noise from the input

audio signal by utilizing the matching clean audio STFT representations.
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Figure 4.1: Waveforms (left) and spectrograms (right) of clean and noisy audio sig-

nals.
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Figure 4.2: Training process.

4.4 Experimental Results

4.4.1 Training
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4.4. Experimental Results
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The DL models were trained by converting the STFTs of the audio recordings
into a compressed Mel spectrogram. The latter corresponds to a visual representation
of the power spectrum of a signal, specifically in the Mel-frequency domain, and
captures the perceptual characteristics of human hearing. This is computed using a
fixed number of 128 MFCCs, with the minimum value for the frequency range of the
Mel filter bank set at 40 Hz, the compression power of the Mel set at 0.3, and the
learning rate for training the models set to 0.001. The training process of the audio
enhancement model is shown in Figure 4.2.

Since the goal of this study is to investigate multiple DL models to evaluate their
efficacy in enhancing audio quality and reducing noise, Table 4.1 provides a concise

overview of the architecture of the chosen deep networks.

4.4.2 Evaluation

In order to evaluate the performance of the models, the Scale-Invariant Signal-to-
Distortion Ratio (SISDR) [118] is selected as relevant performance metric, as it
quantifies the quality of the predicted signal by comparing it with the target signal
as follows:

&+ |(reference, estimate) |

RSS+¢ “42)

eque = a - reference 4.3)

€res = estimate — eyye “4.4)

Sss = Z ‘etrue|2 (4.5)

Son = Y leres|” (4.6)

SISDR (dB) = 10log,q <:f 3“) 4.7)

where: a is the normalization factor; € = 1 x 10~8; reference is the reference signal;
estimate is the estimated signal; RSS is the power of the reference signal; ey, is the
estimated true source signal; ep is the residual signal. Spectral loss [119] is used as

a loss function in the implemented DL models.
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Table 4.2: Performance and efficiency comparison of speech enhancement models.

Model Parameters [num] | FLASH[MB] | Avg. SISDR Relative SISDR nvace mum] | fexee [s]
(compared to My sTm)

Mistm 969,984 37 8912 - 1,018,368 0.0539
MsepConv1D 150,016 057 6.203 2709 688,128 0.0364
Mrcx, 4,700,888 17.97 6.698 2214 33,391,104 17707
M1, 772.608 2.95 7361 1551 4,555,264 02413
McomiD, 247552 0.94 7.682 123 3.457.024 0.1830
Mcom 1D, 1,033,984 3.94 7255 1.657 38,109,184 20175
Mcomab 444,160 1.69 6712 22 835,584 0.0442
Mimu 642,048 2.45 8.613 0.299 133,056 0.0070

The experimental results are shown in Table. 4.2, where it can be seen that using
LSTM (Mpstm), as proposed by MLCommons Tiny, provides better SISDR than the
other models. However, LMU (M \u) differs from it by only 3.41%, i.e., it is very
close.

4.4.3 Computational Complexity Assessment

The computational complexity of the DL models has been assessed on the basis of
their (i) estimated MACC operations, (ii) estimated execution time fexec, and (iii) flash
memory size, in order to ascertain the most appropriate model for deployment within
tiny Internet of Things (IoT) MCU devices. More in detail, the estimated execution
time for each implemented model has been calculated as follows:

e = TMACC (4.38)

Jooard

where: nyvacc represents the number of MACC operations; fyoard = 170 MHz is the
frequency of the reference board [120]; and the multiplying factor 9 is selected ac-
cording to the average number of cycles per floating point MACC on ARM Cortex-
M4, measured on STM32 MCUs and after some benchmarking activities. The results
of evaluating the computational complexity of each model are shown in Table 4.2,
where it can be seen how the adoption of LMU (Mp\y) achieves a reduction of al-
most 87% of MACC operations, about 33.8% of FLASH memory, and 87% of the

inference time.
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4.5 Conclusion

This study presents a comparison among eight DL. models, showing that both LSTM
and LMU demonstrate superior performance in enhancing speech signals. In partic-
ular, LSTM achieves the highest SISDR (3.41% higher than that with LMU), in-
dicating its superiority in enhancing speech signals. However, LMU stands out by
showcasing a substantial reduction of 40.69% in the number of parameters, at the
benefit of the FLASH memory of the MCU. This reduction suggests enhanced com-
putational efficiency and reduced memory requirements, making LMU an appealing
trade-off for deployment scenarios targeting computational-constrained resources.
The selection between LSTM and LMU should be carried out on the basis of a care-
ful consideration of the trade-offs between SISDR performance, model complexity,
and computational and energy efficiency, aligning with the specific requirements of

the speech enhancement task.



Chapter 5

Accurate Classification of Sport
Activities Under Tiny
Deployability Constraints

5.1 Introduction

Nowadays, the computing devices used on a daily basis are embedding greater and
greater intelligence and capabilities, as the society moves closer and closer to an era
dominated by automation and Al. Significant developments in cloud computing and
smart technologies over the past years have allowed for their integration into many
facets of our daily lives [121]. A remarkable result of this integration is the ability
to use computing power to gain a deeper understanding of human behavior and to
make reliable predictions about it. Wearable sensor-based Human Activity Recog-
nition (HAR) is an interesting research area, whose practical goal revolves around
the recognition and classification of human activities by gathering data from sensors
attached to the body. These sensors include accelerometers, gyroscopes, magnetome-
ters, heart rate monitors, and, in general, any device capable of capturing different
elements of human motion and physiological signals [122].

By providing better insights into a person’s personality and psychological state,
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Figure 5.1: HAR general workflow.

HAR plays a significant role in interpersonal relationships and human interaction. In
addition, the global community is concerned about the increasing number of elderly
people in the present era: by 2050, the population aged 65 and older is expected to in-
crease from 461 M to 2 B. As a result of this significant growth, notable implications
will be felt in the social and healthcare sectors [123]. Therefore, this makes HAR an
emerging and promising method for tracking old individuals’ physical, functional,
and cognitive well-being, with the goal of recognizing controlled and uncontrolled
behaviours of a person [124]. Hence, the diversity and complexity of daily activities,
as well the necessity to ensure the accuracy of the sensors and the produced data are a
few of the difficulties involved with HAR [125,126]. A general workflow of an HAR
procedure is shown in Figure 5.1.

Given the high interest in HAR-based analyses, the adoption of Al-based mech-
anisms to improve such behavioral classification is attractive. In particular, the adop-
tion of DL, which is a sub-field of Al and an effective technique for making forecasts
in a variety of fields (e.g., computer vision, NLP, finance, and healthcare) can rep-
resent a viable and useful solution. In particular, DL. models (especially NNs) have
the ability to learn intricate patterns and relationships in data, then making precise
predictions [127].

HAR data correspond, in general, to time series, i.e., series of data points or ob-
servations gathered over time (e.g., on daily, monthly, or yearly bases). Besides HAR,
time series are frequently exploited in heterogeneous disciplines, including finance,

economics, weather forecasting, stock market analysis, and many others [128]. Thus,
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HAR data can be considered as time series corresponding to sensor-based values
collected over a period of time [129].

This study evaluates various DL algorithms to identify the most accurate one
under constraints of tiny deployability, using a publicly available dataset consisting
of 19 distinct daily activities. The experimental results show that a RNN given by
the combination of a 1D-CNN with Bi-GRU performs better than LSTM, GRU, and
the recently introduced LMU, returning an average accuracy within 0.2% of that of
BiGRU (the RNN with highest accuracy) with an execution time more than 4 times

shorter.

5.2 Literature Review

The performance of SVM and k-NN classifiers in human activity classification, con-
sidering their applications to two public datasets, is studied in [130]. In [131], the
authors propose an activity recognition classifier to categorize 5 movements and 27
hand gestures by considering deep CNN and LSTM: the presented simulation re-
sults reveal a F1 score for the two classifiers equal to, respectively, 0.93 and 0.958.
In [132], a BiLSTM architecture for the classification of human activities by us-
ing data collected from a smartphone is presented, showing that BiLSTM achieves
the highest recognition accuracy (around 93%). In [133], the average accuracy is in-
creased by a 0.93% by using a stacked LSTM for human activity recognition based
on smartphone data. Finally, in [134] LSTM and CNN models are used to classify
human activities, showing, on the basis of experimental results, that CNN is more
accurate than LSTM.

5.3 Sport HAR Dataset

The reference dataset adopted here for human activity classification corresponds to
a dataset comprising motion sensor data related to 19 daily sports activities, each
performed by 4 subjects in their own daily life style for 5 min [1]. In detail, the

dataset chosen for activity classification is composed of 500,000 rows, each one with
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Table 5.1: Human activities contained in the sport HAR dataset [1].

Class Activity

Ap Sitting
Aq Standing

Ay Lying on back

Az Lying on right side

Ay Ascending stairs

As Descending stairs
Ag Standing in an elevator still
Aq Moving around in an elevator

Ag Walking in a parking lot

Ag Walking on a treadmill with a speed of 4 km/h in flat position

Ao Walking on a treadmill with a speed of 4 km/h in 15 degree inclined position

Al Running on a treadmill with a speed of 8§ km/h

Aqp Exercising on a stepper

Az Exercising on a cross trainer

Ay Cycling on an exercise bike in horizontal position

As Cycling on an exercise bike in vertical position

Aig Rowing

A Jumping
Alg Playing basketball

45 columns that have been considered as features. The sensor units exploited for data
collection are a 25 Hz sampling rate and are placed on torso, right arm, left arm, right

leg, and left leg of each subject.

For the sake of completeness, Table 5.1 lists the different activities (identified
with a short notation for readability) contained in the dataset. Illustrative representa-
tions of data related to activities Ag and A| (performed by two different subjects) are

shown in Figure 5.2 and Figure 5.3, respectively.
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5.4 Proposed Model

5.4.1 Considered DL Models

DL models, including LSTM, GRU, BiGRU and LMU, have been used to classify and
recognize activities inside the dataset introduced in Section 5.3. The same architec-
ture is considered for all models in this study, including: (i) three layers with 100, 50,
and 30 neurons, respectively; (ii) the ReLU function [81] (defined as x™ £ max (0, x),
where x is the input of a neuron) as activator function; (iii) the output layer contain-
ing 19 neurons (corresponding to the number of activities available in the dataset) for
activity detection; and (iv) the softmax activation function [135] in the output layer.
In detail, the softmax activation, mostly used in multi-class classification prob-
lems, takes as input a vector z of K real numbers, and normalizes it into a probability
distribution consisting of K probabilities proportional to the exponentials of the input

numbers, as follows:

zi
o(2)i= g fori={1,2,....K} (5.1)

=1¢"
where: z; corresponds to the elements of the input vector z = (zj,...,2x) € RX: K is

the number of classes; and €% is the standard exponential function to be applied to
each element of the input vector.

The models have been trained for 50 epochs (corresponding to the number of
times the models should have a full iteration over samples) on the 70% (7in =
350,000 samples) of the dataset, while the remaining 30% (st = 150,000 sam-
ples) has been used to evaluate the DL methods’ performance. Thus, considering
a 2-second time window at a 25 Hz sampling rate, the corresponding sliding win-
dow (lag) equals to 50 samples, and consequently both the training and test sets have
been transformed into sequences of observations, with each sequence containing 50
samples.

In order to re-scale the data with a zero mean and a standard deviation equal to 1,
the standard scaler has been used [136].

Furthermore, two additional models are evaluated, corresponding to a combi-
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nation of 1D-CNN with BiGRU and GRU, respectively. Specifically, the 1D-CNN-
BiGRU model has the following structure:

a 1D-CNN layer with ReLu activation function, with filter size equal to 64 and
kernel size equal to 3 [137];

* a 25 neuron BiGRU layer with ReLu activation function;

* a 30 neuron fully-connected layer with ReLu activation function;

* a 19 neuron output layer with softmax activation function.
Instead, 1D-CNN-GRU has the following structure:

* a ID-CNN layer with ReLu activation function, filter size equal to 64 and ker-

nel size equal to 3;
* a 50 neuron GRU layer with ReLu activation function;
* a 30 neuron fully-connected layer with ReLu activation function;

* a 19 neuron output layer with softmax activation function.

5.4.2 Performance Metrics

The performance of the considered algorithms are evaluated on the basis of the fol-

lowing metrics.

e Accuracy, defined as the ratio between the total number of correct decisions

and the total number of decisions:

Accuracy = TP+ TN (5.2)
YT TPYTN+FPYFN ‘

where: TP is the number of true positives; TN is the number of true negatives;

FP is the number of false positives; and F'N is the number of false negatives.



Chapter 5. Accurate Classification of Sport Activities Under Tiny Deployability
84 Constraints

* Precision, defined as the ratio between correctly predicted positive observa-

tions and the number of all predicted positive observations:

. TP
Precision = ——— . (5.3)
TP+FP
* Recall, defined as the ratio between the number of correctly identified positive

observations and the total number of actual positive observations:

TP
Recall = ———. 5.4
TP+FN

» F1 score, corresponding to the harmonic mean of precision and recall:

2 - Precision - Recall
Fl=

Precision + Recall
B 2-TP
~ 2.TP+FP+FN’

(5.5)

5.4.3 k-Fold Cross Validation

The performance and classification accuracy of the discussed DL methods are eval-
uated using the k-fold cross-validation method. The results of the validation with
k = 10 (thus splitting the dataset into 10 equal parts) are shown in Table 5.2, where it
can be observed that BIGRU attained (on average) the highest classification accuracy
(approximately 99%) across the 10 folds of the cross-validation.

5.4.4 Computational Complexity Assessment

The complexity of the involved DL models is evaluated in terms of execution time
and RAM requirements to determine the most suitable model for implementation in
resource-constrained IoT devices. In detail, the STM32Cube [8] tool on the NUCLEO-
G474RE [120] is used for complexity evaluation. For the sake of completeness, it
should be noted that, due to the novelty of LMU, it was not possible to implement
LMU in the aforementioned NUCLEO-G474RE IoT node: therefore, the complexity

of this method could not be evaluated in terms of weights and RAM parameters.
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Table 5.2: k-fold cross validation accuracy of the considered DL methods.

BiGRU ! D_’CNN’ ID-CNN- LSTM GRU LMU
BiGRU GRU
Fold 1 99.0% 98.5% 96.1% 98.9% | 985% | 97.3%
Fold 2 98.9% 98.6% 96.1% 98.8% | 985% | 96.9%
Fold 3 99.1% 98.3% 97.0% 98.7% | 98.6% | 97.2%
Fold 4 99.0% 98.4% 96.8% 98.6% | 985% | 97.1%
Fold 5 99.0% 98.2% 94.9% 98.7% | 984% | 97.3%
Fold 6 98.0% 98.6% 97.4% 98.7% | 985% | 97.3%
Fold 7 99.9% 98.2% 96.7% 98.7% | 985% | 97.2%
Fold 8 99.0% 98.3% 97.0% 98.7% | 985% | 97.2%
Fold9 98.0% 98.3% 96.7% 98.7% | 98.6% | 97.2%
Fold 10 | 98.9% 98.3% 96.8% 98.8% 98.6 97.1%
Accuracy | g 4, 98.4% 96.6% 98.7% | 98.5% | 96.6%
(avg)
StdDev | +0.042 | =+0.140 10,651 £0.075 | +0.084 | +0.110

Table 5.3: Accuracy and computational complexity of the considered DL methods.

Model Accuracy nyacc [num] Weights [Byte] RAM [Byte] fexec [8] Parameters P [num] Myrain/ P
BiGRU 99.1% 4,382,534 401,476 12,200 0.232 100,369 3.48
1D-CNN-BiGRU 98.9% 1,065,430 96,652 13,088 0.056 24,163 14.48
1D-CNN-GRU 98.9% 1,245,890 112,892 13,688 0.065 28,223 12.4
LSTM 98.6% 2,932,534 263,476 12,200 0.155 65,569 5.33
GRU 97.7% 2,192,534 205,076 11,800 0.116 51,269 6.82
LMU 97.4% 2,807,070 240,076 - 0.148 60,019 5.83

The estimated execution time of each model implemented on NUCLEO-G474RE

has been calculated as follows:

n -9
Texec = “MACCZ (56)
f board

where: nyacc corresponds to the number of MACCs; fiyoard = 170 MHz is the fre-
quency of the NUCLEO-G474RE board; and the number of MACCs is multiplied by
9 as 9 cycles per MACC are needed.

In order to also jointly investigate the computational complexity and the accuracy,
it is of interest to consider a performance metric which jointly captures these two

metrics. To this end, the following are considered:

* the normalized accuracy, defined as Accuracy/100 € (0,1), where Accuracy
has been defined in Eq. (5.2);

* various computational complexity metrics: weights, total RAM, MACCs, and
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execution time.

Denoting as ¢ one of the selected computational complexity metrics, the joint

complexity-accuracy performance metric, defined as &, can be expressed as follows:

Accuracy
=——>c.

(c)
¢ 100

(5.7)

5.5 Results and Discussion

The performance and accuracy of the DL models detailed in Section 5.4 (namely:
LSTM, GRU, LMU, BiGRU, 1D-CNN-BiGRU, 1D-CNN-GRU) are evaluated for
human activity classification. The performance metrics discussed in Subsection 5.4.2
(namely: precision, accuracy, recall, and F1 score) are considered and support val-
ues of each class (namely, the number of occurrences of each specific class in the
dataset), together with the computational complexity discussed in Subsection 5.4.4.
The obtained results are shown in Table 5.3 and Table 5.4, respectively. On the basis
of these performance results, BIGRU is the most accurate DL algorithm, returning a
99.1% classification accuracy. This is due to the fact that it can exploit input data in
both forward and backward directions simultaneously, increasing, in turn, the learn-
ing rate of the model and, thus, the prediction accuracy. However, when taking into
account jointly the accuracy and the computational complexity, the DL algorithm to
be preferred is 1D-CNN-BiGRU, as it guarantees a slight accuracy degradation (0.2%
in Table 5.3) with a remarkable complexity reduction (in terms of npacc, weights,
fexec, parameters P, and ratio ny,in/P in Table 5.3). The joint complexity-accuracy
performance in Table 5.4 clearly shows the superiority of 1D-CNN-BiGRU. Conse-
quently, with respect to other analyzed models, 1D-CNN-BiGRU can be deemed as
the most appropriate under tiny deployability constraints when considering prediction
accuracy and complexity (in terms of nyacc)-

For the sake of completeness, the confusion matrices (highlighting the number
of correct and incorrect classifications) returned by LSTM, GRU, LMU, BiGRU,
1D-CNN-BiGRU, and 1D-CNN-GRU methods for each activity class contained in

the reference dataset (summarized in Table 5.1) are shown in Figure 5.4, Figure 5.5,
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Table 5.4: Joint complexity-accuracy of the considered DL methods.

Model & (nmacc) & (Weights) & (RAM) £ (fexec)

BiGRU 4,343,091 | 397,863 | 12,090 | 0.229
1D-CNN-BiGRU | 1,053,710 | 95,589 | 12,944 | 0.055
ID-CNN-GRU | 1,232,185 | 111,650 | 13,537 | 0.065

LSTM 2,891,479 | 259,787 | 12,033 | 0.153
GRU 2,142,106 | 200,359 | 11,529 | 0.113
LMU 2,734,086 | 233,834 — | 0144

Figure 5.6, Figure 5.7, Figure 5.8, and Figure 5.9, respectively, while performance re-
sults of each DL algorithm, in terms of all considered metrics, are shown in Table 5.5,
Table 5.6, Table 5.7, Table 5.8, Table 5.9, and Table 5.10, respectively.

5.6 Conclusions

This study presents an experimental comparison of traditional DL models (LSTM,
GRU, LMU, BiGRU) with two novel DL models, which combine 1D-CNN with Bi-
GRU and GRU, respectively, for human activity classification using a publicly avail-
able dataset. The obtained experimental results show that the BIGRU model outper-
forms the other DL methods, showing a 99.1% accuracy in the classification of the
test data. Overall, according to the achieved results, ID-CNN-BiGRU provides the
lowest complexity in regard to the execution time. Then, by considering a 98.9%
accuracy, 1D-CNN-BiGRU (even in comparison with 1D-CNN-GRU) could be rea-
sonably considered for implementation on tiny IoT devices (as well as the other dis-
cussed DL models) in the future, in order to be able to classify and predict human
activities directly inside wearable devices worn by subjects—e.g., forecasting the be-
havior of patients and elderly people, thus allowing to daily track and monitor their
progresses.

For the sake of completeness, the pseudo-code representation of the 1D-CNN-

BiGRU model proposed in Section 5.4 is shown in Algorithm 1.
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Table 5.5: LSTM classification report for all activity classes, in terms of precision,

recall, F1-score, and support.

Class Precision Recall Fl1 Support
Ay 0.999233 | 0.999872 | 0.999553 7819
A 0.993007 | 0.996991 | 0.994995 7976
Ay 0.997474 | 0.993084 | 0.995274 7952
A3 0.997229 | 0.998864 | 0.998046 7926
Ay 0.992752 | 0.99667 | 0.994707 8108
As 0.998744 | 0.999497 | 0.999121 7958
Ag 1 0.999745 | 0.999873 7857
A7 0.998863 | 0.999747 | 0.999305 7912
Ag 1 1 1 7876
Ag 0.976111 | 0.983476 | 0.97978 7686
Ao 0.99037 | 0.935694 | 0.962256 8133
Ay 0.998592 1 0.999296 7802
A 1 0.999743 | 0.999871 7781
Az 1 0.999873 | 0.999936 7852
Ay 0.988756 | 0.946815 | 0.967332 7709
Ajs 0.936268 | 0.994858 | 0.964674 7974
A 0.920963 | 0.995683 | 0.956867 7876
A7 0.97197 | 0.899771 | 0.934478 7862
Ajg 0.987187 | 0.99937 | 0.993242 7941
Accuracy 0.9863 0.9863 0.9863 0.9863
Macro avg 0.986712 | 0.986303 | 0.986242 | 150,000
Weighted avg | 0.986707 0.9863 0.986238 | 150,000
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Table 5.6: GRU classification report for all activity classes, in terms of precision,

recall, F1-score, and support.

Class Precision Recall Fl1 Support
Ap 0.999488 | 0.999616 | 0.999552 7819
Ay 0.996138 | 0.970286 | 0.983042 7976
Ay 0.982744 | 0.988305 | 0.985516 7952
Az 0.995552 | 0.988393 | 0.991959 7926
Ay 0.993801 | 0.988653 | 0.99122 8108
As 0.989902 | 0.997738 | 0.993804 7958
Ag 0.998855 | 0.999618 | 0.999237 7857
A7 0.999115 | 0.999368 | 0.999242 7912
Ag 0.999365 | 0.999873 | 0.999619 7876
Ag 0.965428 | 0.973718 | 0.969556 7686
Ao 0.943852 | 0.946637 | 0.945242 8133
Ay 0.989474 1 0.994709 7802
A 1 0.999486 | 0.999743 7781
Az 0.999745 | 0.999873 | 0.999809 7852
Ay 0.993379 | 0.934233 | 0.962899 7709
Ajs 0911741 | 0.996238 | 0.952118 7974
A 0.87817 | 0.989335 | 0.930444 7876
Ay 0.97108 0.82002 0.88918 7862
Ag 0.994305 | 0.989422 | 0.991858 7941
Accuracy 0.977967 | 0.977967 | 0.977967 | 0.977967
Macro avg 0.97906 | 0.977937 | 0.977829 150,000
Weighted avg | 0.978984 | 0.977967 | 0.977808 150,000
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Table 5.7: LMU classification report for all activity classes, in terms of precision,

recall, F1-score, and support.

Class Precision Recall Fl1 Support
Ap 0.998607 1 0.999303 7883
Ay 0.977355 | 0.98153 | 0.979438 7959
Ay 0.970896 | 0.978788 | 0.974826 7873
Az 0.993282 | 0.973165 | 0.98312 7900
Ay 0.971404 | 0.994928 | 0.983025 7887
As 0.996893 | 0.999128 | 0.998009 8029
Ag 0.999489 | 0.999233 | 0.999361 7827
A7 0.99911 0.998856 | 0.998983 7870
Ag 0.999875 | 0.999749 | 0.999812 7983
Ag 0.976062 | 0.953842 | 0.964824 7951
Ao 0.940295 | 0.894891 | 0.917031 7849
Ay 0.993615 | 0.999136 | 0.996368 8099
A 1 0.999743 | 0.999871 7783
Az 1 0.999873 | 0.999937 7888
Ay 0.912488 | 0.994843 | 0.951887 7756
Ajs 0.993135 | 0.931683 | 0.961428 7919
A 0.875563 | 0.983569 | 0.926429 7912
Ay 0.954559 | 0.835579 | 0.891115 7718
Ag 0.978399 | 0.99583 | 0.987037 7914
Accuracy 0.974633 | 0.974633 | 0.974633 | 0.974633
Macro avg 0.975317 | 0.97444 | 0.974306 150,000
Weighted avg | 0.975427 | 0.974633 | 0.974463 150,000
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Table 5.8: BiGRU model classification report for all activity classes, in terms of pre-

cision, recall, F1-score, and support.

Class Precision Recall Fl1 Support
Ap 0.999354 | 0.999225 | 0.99929 7744
Ay 0.995765 | 0.997429 | 0.996596 7779
Ay 0.997721 | 0.995075 | 0.996396 7919
Az 0.997224 | 0.994213 | 0.995716 7949
Ay 0.991189 | 0.997972 | 0.994569 7891
As 0.998974 | 0.99859 | 0.998782 7803
Ag 1 0.999874 | 0.999937 7967
A7 0.999874 | 0.999246 | 0.99956 7954
Ag 1 0.999752 | 0.999876 8049
Ag 0.979359 | 0.982129 | 0.980742 7778
Ao 0.984391 | 0.975792 | 0.980073 8014
Ay 0.999747 | 0.999873 | 0.99981 7905
A 0.999377 | 0.999875 | 0.999626 8019
Az 0.999748 1 0.999874 7924
Ay 0.961006 | 0.972744 | 0.966839 7778
Ajs 0.973761 | 0.964061 | 0.968887 7930
A 0.982953 | 0.99442 | 0.988654 7886
Ay 0.985767 | 0.975882 0.9808 7878
Ag 0.998213 | 0.998468 | 0.998341 7833
Accuracy 0.991833 | 0.991833 | 0.991833 | 0.991833
Macro avg 0.991812 | 0.991822 | 0.991809 150,000
Weighted avg | 0.991846 | 0.991833 | 0.991831 150,000
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Table 5.9: 1D-CNN-BiGRU model classification report for all activity classes, in

terms of precision, recall, F1-score, and support.

Class Precision Recall Fl1 Support
Ay 0.999493 | 0.998986 | 0.999239 7889
A 0.987805 0.99607 0.99192 7888
A 0.988923 | 0.986536 | 0.987728 7873
A3 0.995216 | 0.997099 | 0.996157 7928
Ay 0.991756 | 0.995291 | 0.993521 7857
As 0.997583 | 0.999235 | 0.998408 7847
Ag 0.99936 | 0.999488 | 0.999424 7814
A7 0.999369 | 0.998613 | 0.998991 7933
Ag 0.999874 | 0.999372 | 0.999623 7967
Ag 0.987106 | 0.97861 0.98284 7901
Ao 0.980548 | 0.968158 | 0.974313 7914
Ay 0.998989 | 0.99798 | 0.998484 7919
A 1 0.999245 | 0.999622 7943
Az 1 0.999232 | 0.999616 7816
Ay 0.937046 | 0.992938 | 0.964183 7930
Ajs 0.985923 | 0.948368 | 0.966781 7902
A 0.972694 | 0.987733 | 0.980156 7826
A7 0.98503 | 0.957596 | 0.97112 7971
Ajg 0.993172 | 0.996574 | 0.99487 7882
Accuracy 0.9893 0.9893 0.9893 0.9893
Macro avg 0.989468 | 0.989322 | 0.989316 | 150,000
Weighted avg | 0.989459 0.9893 0.9893 150,000
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Table 5.10: 1D-CNN-GRU model classification report for all activity classes, in terms

of precision, recall, F1-score, and support.

Class Precision Recall Fl1 Support
Ap 1 0.998596 | 0.999298 7836
Ay 0.995811 | 0.991782 | 0.993792 7909
Ay 0.99143 | 0.995633 | 0.993527 7785
Az 0.995114 | 0.998323 | 0.996716 7752
Ay 0.994419 | 0.997388 | 0.995901 8039
As 0.998853 | 0.998853 | 0.998853 7846
Ag 0.999745 | 0.998728 | 0.999236 7860
A7 0.997343 | 0.998986 | 0.998164 7891
Ag 0.999745 | 0.998853 | 0.999299 7846
Ag 0.991344 | 0.971072 | 0.981104 8020
Ao 0.976076 | 0.973857 | 0.974965 7918
Ay 0.998504 | 0.998629 | 0.998566 8021
A 1 0.999362 | 0.999681 7841
Az 0.999481 | 0.999093 | 0.999287 7714
Ay 0.948976 | 0.983002 | 0.96569 8060
Ajs 0.978407 | 0.95555 | 0.966843 7919
A 0.975658 | 0.981509 | 0.978575 8004
Ay 0.960143 | 0.96284 | 0.961489 7831
Ag 0.998098 | 0.995321 | 0.996708 7908
Accuracy 0.989287 | 0.989287 | 0.989287 | 0.989287
Macro avg 0.989429 | 0.989336 | 0.989352 150,000
Weighted avg | 0.989362 | 0.989287 | 0.989294 150,000
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Algorithm 1 1D-CNN-BiGRU Model

1:

2
3:
4

bl

10:
11:

12:
13:
14:
15:

16:
17:

18:
19:

20:
21:
22:
23:

> Define hyperparameters

: n_timesteps = 50

n_features = 45

: n_outputs = 19

> Create a Sequential model

m = Sequential()

> Add a 1D Convolutional layer

m.add(Conv1D(filters = 64,
kernel_size = 3,
activation = “relu”,

input_shape = (n_timesteps,n_features)))

> Add a Bidirectional GRU layer
m.add(Bidirectional(GRU(units = 25,
activation = “relu”,

return_sequences = False)))

> Add a Dense layer with ReLU activation

m.add(Dense(units = 30, activation = “relu”))

> Add the output Dense layer with softmax activation

m.add(Dense(units = n_outputs, activation = “softmax’’))

> Compile the model with categorical cross-entropy loss and ADAM optimizer
m.compile(loss = “categorical_crossentropy”,
optimizer = “adam”,

metrics = [“accuracy’])




Chapter 6

Deep Learning Algorithms for
Cryptocurrency Price Prediction:
a Comparative Analysis

6.1 Introduction

Unlike an historical model of economy where traditional currencies (managed by
governments) are dominant, new ways to exchange and transfer money have ap-
peared, especially owing to the cryptocurrencies. In general, cryptocurrencies can
be seen as decentralized encrypted digital coins designed to be traded without an in-
termediate monetary authority (e.g., a central bank) and used on the Internet [138].
Thanks to their decentralized, secure, and self-managed nature, nearly 9,000 cryp-
tocurrencies have be created until 2023, eventually gaining a significant attention
from a wide plethora of investors and having a strong impact on the global financial
market. As an example, the cryptocurrencies’ market value overcame $1.48 trillion
in December 2023 (with its highest market cap, about $2.82 trillion, in November
2021) [139]. Among the existing cryptocurrencies, Bitcoin (BTC) is so far one of the
most popular and represents, as a Peer-to-Peer (P2P) electronic currency exploiting

core cryptographic mechanisms, the first cryptocurrency (introduced in 2008 [140]).
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Figure 6.1: High-level representation of a generic blockchain-based transaction flow.

Another technology strictly related to several cryptocurrencies (and required in or-
der to govern them) is the Distributed Ledger Technology (DLT) [141], based on
the well-known paradigm embodied by blockchain. In fact, blockchain was origi-
nally designed to be exploited as an efficient (and trustable) way to record financial
transactions. As shown in Figure 6.1, blockchain exploits cryptographic hashing tech-
niques and a distributed network to force the persistence of all digital transactions as
immutable, in the end ensuring (i) reliable transactions tracing, (ii) security maxi-
mization, and (iii) removal of reliance on third-party intermediaries [142].

More in detail, the benefits of blockchain and DLT—which transform data man-
agement from centralized to decentralized—support a wide range of applications,
including banking, agriculture, intelligent transportation, energy, and supply chain
management [143]. As an example, in [144] the authors introduce a blockchain-based
framework designed for managing patients’ medical records and the correspond-
ing medical supply chain, in particular exploiting an Hyperledger Fabric network
to ensure node confidentiality. Similarly, a blockchain-based Web application for
generating medical certificates is proposed in [145], allowing users to manage their

healthcare information through IoT devices, and operating on an Ethereum (ETH)
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blockchain to prevent fraud in medical records. To this end, patients are provided
credentials by a hospital authority and their data are verified on the blockchain be-
fore medical services are provided. Focusing on Intelligent Transportation Systems
(ITSs), in [146] an architecture securing data sharing within ITSs, using a combina-
tion of edge computing and DLT, is presented. This system, built on an ETH network
and processing data closer to their sources, allows to reduce the volume of data to be

sent to a central cloud.

As mentioned before, DLTSs offer significant benefits, including high transparency,
reduced supply chain costs, and enhanced safety, by tracking products from the ori-
gin to the customers [147]. As an example, in [148,149] the authors provide an ef-
fective strategy for updating livestock agriculture by combining IoT and blockchain
technologies. In detail, a cloud-based Smart Livestock Farming (SLF)-oriented man-
agement system, composed by IoT wearable sensors to track livestock health in real
time, is proposed, together with a blockchain-powered platform (i) providing secure
and transparent electronic record-keeping and (ii) removing the necessity for middle-

men, and (iii) boosting trust between the involved parties.

As can be understood from the variability in the aforementioned market cap,
cryptocurrency-based financial markets follow arbitrary and uncertain trends: this can
only attract and make investors (of every nature) eager to find models to detect and
predict financial market’s trends. On a more technical side, this is due to the fact that
the value of a cryptocurrency heavily depends on several factors, identifiable as both
internal and external: demand and supply represent the most important internal fac-
tors affecting the price of cryptocurrencies (and, in general, of every kind of standard
currency); political decisions and the degree of attractiveness of the cryptocurrency
market, as well as the states of other markets (such as gold, regular stock, oil, etc.),
are in general envisioned as external factors [150]. In the end, this highlights—one
more time—how, on the basis of the price fluctuations in the cryptocurrency market,

accurate price prediction is crucial to reduce the investment risk.

From a more statistical point of view, predicting the price of a cryptocurrency
can be considered as a time series prediction, with forecasts being based on histori-

cal events over a proper time interval. Thus, given that time series prediction is cur-
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rently used in a variety of applications in several fields—e.g., signal processing [151],
weather forecasting [152], disease prediction [153], computer networks [154], and
business planning [155]—the adoption of DL algorithms for prediction purposes can
be considered a natural fit for time series. This is further motivated by the fact that,
in recent years, DL algorithms have been widely used to extract features from fi-
nancial time series and make predictions, since they (i) can be trained and operate
with large amounts of multidimensional data and (ii) can learn non-linear dependen-
cies between variables [156]. Indeed, financial time series are well-known as being
non-linear, non-stationary, and depending on multiple variables, in the end featuring
intricate trends that should be taken into account by an accurate (and complicated)

forecasting model. This is what makes forecasting financial time series challenging.

Besides DL, traditional and ML algorithms are also commonly used to fore-
cast time series. More in detail, traditional approaches (e.g., Automatic Regres-
sion Integrated Moving Average (ARIMA) and Auto-Regressive Moving Average
(ARMA) [157]) use statistical methods to obtain patterns in time series, but they are
affected by some limitations. As an example, considering a linear relationship be-
tween the variables makes them ineffective in predicting and analyzing time series
with non-linear data, in the end reducing the accuracy of long-term forecasts with

low accuracy and making them unsuitable for multidimensional big data [158].

In this study, a comparative performance analysis and evaluation of different DL
algorithms in predicting the price of three well-known cryptocurrencies (namely:
BTC; ETH; and Ripple (XRP)) is proposed. In detail, several “single” DL algorithms
(namely: MLP, SimpleRNN, LSTM, BiLSTM, GRU, BiGRU, CNN, Transformer) as
well as concatenated DL mechanisms (namely: CNN-RNN and CNN-GRU) are con-
sidered. Their prediction accuracy is investigated in terms of RMSE, MAE, MAPE,
and R?. The performance is analyzed considered various values of time lag, corre-
sponding to the number of past observations considered to predict the price at the
next time epoch. The Adaptive Moment Estimation (Adam) optimizer [159] is ap-
plied to improve the estimation accuracy of the considered DL methods for both

short- and long-term cryptocurrencies’ prices predictions.
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6.2 Literature Review

Looking at the adoption of Al-based techniques in the context of cryptocurrencies,
in [160] different Al mechanisms are used to improve the privacy and the effective-
ness of the Physical Unclonable Function (PUF) electronic cash system. In detail,
the authors in [160] focus on this PUF system due to the fact that it makes use of
physical unduplicatable functions in order to facilitate authentication and encryption
procedures in the case different entities and multiple trusted third-parties should be
involved. Similarly, in [161] the authors consider various ANNs-based mechanisms
aiming at the next day’s BTC price prediction, training and validating their approach
through the use of historical daily data (related to the time interval 2013-2017): a
Back Propagation Neural Network (BPNN) is shown to return the best prediction
performance. Furthermore, in [162] LSTM is evaluated and compared with differ-
ent ARIMA-based hybrid models, showing that LSTM outperforms, in terms of the
BTC price’s prediction accuracy, the other methods. A similar evaluation (with simi-
lar outcomes) is proposed in [163], in which different Generalized Regression Neural
Network (GRNN) models are compared with LSTM aiming at predicting the price
of BTC, Digital Cash, and XRP, on the basis of a dataset related to the time interval
July 2010-October 2018.

In [164], a BiLSTM is used on a BTC daily price dataset (containing data re-
ferring to the time interval January 2012-September 2020) in order to predict BTC
prices: the final results show that the BILSTM model provides more accurate pre-
dictions than linear regression-based models. In a similar way, the authors in [165]
use a daily price dataset (referring to the time interval January 2014-October 2017)
to evaluate the impact of the number of LSTM features on the BTC price prediction,
considering single and multiple features. In the end, by taking into account multi-
ple features, LSTM is shown to provide more accurate predictions at a significantly

reduced error rate.

In [166], LSTM, GRU and BiLSTM models are adopted to predict the prices of
BTC, ETH, and Litecoin, on the basis of their market capitalization, obtaining that

BiLSTM returns the most precise forecasts for all the considered cryptocurrencies—



Chapter 6. Deep Learning Algorithms for Cryptocurrency Price Prediction: a
106 Comparative Analysis

in detail, with reference to RMSE and MAPE, considering data in the time interval
January 2021-January 2023. Similarly, a Multi-Layer GRU model forecasting the
prices of BTC, ETH, and Dogecoin, is introduced in [167]. In detail, this model
consists of three hidden layers (each containing 200, 100, and 50 neurons, respec-
tively): according to the presented results, the Multi-Layer GRU returns (on average)
an RMSE 23 times lower than that of the LSTM model and nearly 4 times lower than
that of the GRU model.

A comparison on the efficiencies of LSTM and ARIMA for short-term BTC price
prediction (using data in the time interval December 2020-December 2021) is inves-
tigated in [168], obtaining that LSTM significantly enhances RMSE and MAE by
83.84% and 84.84%, respectively. Instead, encoder-decoder (also denoted as AEs)
predictive models for financial markets price prediction are proposed in [169]. In
detail, the performance of AE-GRU and AE-LSTM is analyzed in forecasting stock
prices, stock indexes, and cryptocurrencies—in particular, BTC pricing stretching in
the time interval 2014-2022. Based on the achieved results, AE-GRU outperforms
AE-LSTM in lowering MAPE by 50%.

The use of RNNs and MLP for predicting short- and long-terms BTC prices,
exploiting a 7-year dataset collected in the time interval August 2010—October 2017
at 2-day intervals, is discussed in [170], returning that MLP outperforms RNNs in the
long-term BTC price prediction.

In [171], a Transformer model is employed to predict stock prices on the Dhaka
Stock Exchange, in particular using Time2Vec encoding [172] to manage time se-
ries data (namely, both historical daily and weekly data). The experimental results
indicate that the Transformer model returns promising predictions, achieving a lower
RMSE with respect to ARIMA. Finally, in [173] the authors compare various DL
models (including LSTM, RNN, CNN, and Transformer) for predicting major stock
market indices (namely: CSI 300, S&P 500, Hang Seng Index, Nikkei 225). The ob-
tained results show that Transformer outperforms the other considered DL models,
providing the lowest errors in terms of MSE, MAE, and MAPE.
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Table 6.1: Summary of the dataset information.

Observations interval [hour] | Training data size [record] | Test data size [record] | Features [num]
4 4000 1000 4

6.3 Evaluation

The mentioned DL models are evaluated in a comparative way. Their performance is
evaluated in terms of prediction accuracy of BTC, ETH, and XRP cryptocurrencies’
price, considering different lag sizes for short-term and long-term forecasting.

6.3.1 Dataset and Proposed Model

In order to conduct this analysis, three datasets, each containing 5,000 samples re-
sulting from three cryptocurrencies data obtained from the twelvedata cryptocurrency
trading platform [174], have been created. In particular, the data have been obtained
exploiting the RESTful APIs provided by twelvedata, which allow to retrieve his-
torical price data on the basis of proper query parameters using a predefined inter-
val.! The ETH and XRP price information refer to the time interval August 2020-
November 2022, while the BTC price information refer to the time interval Novem-
ber 2020-March 2023, with a 4-hour observation interval in each dataset. More in
detail, as shown in Table 6.1, each dataset has been divided into a training set, con-
sisting of 4,000 records, and a test set, composed by 1,000 records. Both sets contain
the following 4 features: (i) the price at the start of each interval, denoted as Open
Price; (ii) the highest price in each interval, denoted as High Price; (iii) the
lowest price in each interval, denoted as Low Price; and (iv) the closing price at
each interval, denoted as Close Price.

The DL models (namely: MLP, SimpleRNN, LSTM , GRU, BiGRU, BiLSTM)
share the same network architecture composed of three layers, with 50, 30, and
20 neurons, respectively. Instead, the CNN model is composed of two 1D-convolution

windows (with a size equal to 2), each layer having 64 and 32 feature detectors, re-

! Additional information on twelvedata APIs can be found at https://twelvedata.com/docs.
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spectively, while a max pooling layer with size equal to 2 is used between the con-
volutional layers. Then, the Rectified Linear Unit (ReLU) activation function [81,
175,176] (defined as x* £ max(0,x), where x is the input of a neuron) is applied to
input and hidden layers of the models. Finally, with regard to the proposed Trans-
former model, it includes (i) an embedding layer with 128 units to project input data
into a suitable dimension, and (ii) a Transformer block with a multi-head attention
mechanism using 4 attention heads and an embedding dimension equal to 128. Then,
the attention mechanism is followed by dropout regularization, residual connections,
and normalization layer. Finally, the block also contains a FFN with two dense layers
(128 units each), using ReLLU for the first layer and projecting back to the embedding
dimension, while dropout is applied after the FFN to regularize the output.
Furthermore, the Scaled Exponential Linear Unit (SELU) activation function, de-

fined as

ale*—1) ifx<O

X ifx>0

fla,x)=2

with @ ~ 1.6733 and A ~ 1.0507 [177], is used for the output layer of all the pre-
vious algorithms, while the Adam optimizer (detailed in Subsection 6.3.1) is used
to minimize the prediction errors of the DL models. Finally, as listed in the detailed
architectures of the proposed models in Table 6.2, Table 6.3 and Table 6.4, on the
basis of experimental tuning, a learning rate equal to 0.001 and a batch size equal
to 32 have been identified and tuned to train the NNs, as shown in Table 6.5. Then,
in order to prevent overfitting during the training phase, dropout layers [178], L2
regularization [179], and early stopping [180] techniques have been applied.
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Table 6.5: Summary of the adopted hyperparameters.

Parameters | Learning rate | Optimizer | Loss function | Batch size
Value 0.001 Adam MSE 32

From an operational point of view, all the considered DL algorithms perform the
following main prediction steps. In the first pre-processing step, missing values in
each column of the dataset are filled with the closest previous value. Then, a Min-
MaxScaler normalization [181] is applied to fit data in the range [0, 1]—this takes
into account the fact that the data of different columns have different distributions.
As a matter of fact, this normalization action accelerates the learning process within
the DL models. At this point, the dataset must be framed on the basis of the num-
ber of forecasting steps and the lag size, in order to perform time series forecasting.
Then, as mentioned before, the dataset is divided into two sets (denoted as training
and test), where the first is used to train the DL models, while the latter is used to
perform cryptocurrencies’ prices predictions. Finally, predicted and actual data are
converted back to the original scale (using the inverse of the MinMaxScaler), and the

difference between predicted and actual values is computed.

Adaptive Moment Estimation (Adam) Optimizer

Adam [159] is a computationally efficient optimization algorithm with low memory
requirements that combines the benefits of RMSProp and momentu [182]. On the
analytical side, in order to compute the learning rate for each weight, Adam exploits
the mean (denoted as m,) and the uncentered variance (denoted as v;) of the gradients,

corresponding to the first and second moments, respectively, as follows:

g =V0f(61) (6.1)
m; = Bim—1 4+ (1—Pi)g, (6.2)
vi = Bovi 1+ (1-Bo)g? (6.3)

where: g, represents the gradient of the loss function f; with respect to the parameters

0 (weights and biases) at time step ¢, which are then updated during the training phase
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to optimize the model’s performance; fB; and B, are hyperparameters of the Adam
algorithm, typically set to 0.9 and 0.999, respectively.
Then, in order to counteract biases in the moment estimates, especially during

initial time steps, bias-corrected estimates are calculated as follows:

A my

= 6.4

my 1— Bf (6.4)
Vi

% . 6.5
Vi 1— Bé (6.5)
The parameter update rule in the Adam algorithm is the following:
6, =0, | —0— 6.6)

V0i+e

where « is the learning rate and € is a small constant (e.g., 107%) to prevent any

division by zero.

6.3.2 Combination of CNN and RNN

The integration of CNNs with RNNs represents a highly effective approach in the
field of the DL, since they are specifically designed for problems involving spatial
and temporal inter-dependence—e.g., sequential data processing, such as generating
captions for images, analyzing videos, and processing data in a sequential manner.
Due to their strengths (especially if combined together), in this study two additional
hybrid DL models, involving a combination of 1D-CNN, SimpleRNN, and GRU, are

considered.

6.3.3 Loss Functions as Evaluation Metrics

In order to evaluate the prediction accuracy of a DL algorithm, a comparison between
predicted and actual values needs to be carried out with proper performance metrics.
In order to do this, the loss functions used in this study—MAE, RMSE, MAPE, and
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R%—are defined as follows:

ne I
RMSE(y, §) £ NZ(yi—yi)z 6.7)
i=0
1

R 17 R
MAE(y,y)éN i — 3l (6.8)
i=0
1S =3
MAPE(y,9) & — )y —— 1 (6.9)
OIZN L (e )

. SStes Y i — i)
R (y,9)&1- ssm =1- S (6.10)

tot ZIZO (yl y)

where: N is the total number of samples in the test set; y = (yo,...,yn—1) is the ac-
tual (target) values vector; ¥ = (Jo,...,9n—1) is the vector of predicted values; and
¥ is the mean of the actual values. With regard to R?, when SSres > SSior, then R?
becomes negative: this indicates that the model’s predictions are less accurate than a
simple horizontal line representing the mean of the observed values [183]. Neverthe-
less, given that values scales’ dependency might represent a significant drawback, it is
important to highlight that data scaling would help in mitigating this undesired prob-
lem, ensuring that the metrics provide a fair assessment regardless of the magnitudes
of the values in the dataset. This is the reason why, as detailed in Subsection 6.3.1,
a MinMaxScaler normalization has been applied to fit data in the range [0, 1]. Then,
while RMSE, MAE, and MAPE are known to be valuable for understanding error
magnitude and relative error, R? was also included because it offers a scale-invariant
measure of how well the model captures the variance in the data. The combined use
of all these evaluation metrics provides a comprehensive and balanced evaluation of

the model’s performance.

6.3.4 Experimental Results

On the basis of the evaluation metrics, presents a comparison and discussion of the
experimental results (in terms of cryptocurrencies’ prices predictions) obtained ex-

ploiting the different DL algorithms presented in the previous sections (namely, MLP,
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SimpleRNN, LSTM, GRU, BiLSTM, BiGRU, CNN, CNN-RNN, CNN-GRU, Trans-
former), for both short- and long-term forecasting.

6.3.5 Accuracy

More in detail, Figure 6.2 and Figure 6.3 represent the RMSE of the considered DL
models for the BTC price prediction, considering a 3-step ahead short-term prediction
horizon (s = 3) and various values of time lag (denoted as #). In detail, # refers to
the number of previous time steps (or observations) considered as input for predicting
the cryptocurrencies values in next time steps. For the sake of clarity, with # =5
and s = 3, and considering that the reference dataset has a 4-hour data collection
interval (as detailed in Subsection 6.3.1), the next 12-hour currency prices’ prediction
is based on the information from the past 20 hours. According to the obtained results,
Transformer provides (in general) the lowest RMSE and MAE, while MLP and CNN-
RNN return the highest RMSE and MAE across different lags. Moreover, as shown
in Figure 6.4, Transformer can return a small MAPE considering large time lags (e.g.,
W ={5,10,15,20,25}). The results of R? as the final evaluation metric are shown in
Figure 6.5, where Transformer provides the highest value.

Similarly, the experimental performance results for the ETH price prediction, in
terms of RMSE and MAE, considering a 3-step ahead short-term prediction horizon
(s = 3) and various values of time lag %, are shown in Figure 6.6 and Figure 6.7,
respectively. In general, on the basis of the experimental results, Transformer returns
the lowest error rates if compared to the other DL methods for various time lags 7.
The same conclusion arises from the results shown in Figure 6.8, with Transformer
returning the lowest MAPE for # = {5,15,20,25,30}, while BILSTM performing
better for # = {10}. The results of R* as the final evaluation metric are shown in
Figure 6.9, where Transformer provides the highest value.

Finally, the experimental performance results for the XRP price prediction (in
terms of RMSE and MAE) considering a 3-step ahead short-term prediction hori-
zon (s = 3) and various values of time lag % are shown in Figure 6.10 and Fig-
ure 6.11, respectively. On the basis of the achieved results, Transformer seems to

outperform the other considered DL algorithms. In addition, when examining the re-
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Figure 6.2: Impact, in terms of RMSE, of the value of the time lag " on the BTC
price prediction with various DL algorithms, considering a 3-step ahead prediction

horizon (s = 3).
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Figure 6.3: Impact, in terms of MAE, of the value of the time lag " on the BTC
price prediction with various DL algorithms, considering a 3-step ahead prediction

horizon (s = 3).

sults shown in Figure 6.12, it can be observed that Transformer achieves the lowest
MAPE for # € {5,15,20}, whereas CNN-GRU and BiLSTM outperform Trans-
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Figure 6.4: Impact, in terms of MAPE, of the value of the time lag % on the BTC
price prediction with various DL algorithms, considering a 3-step ahead prediction

horizon (s = 3).
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Figure 6.5: Impact, in terms of R?, of the value of the time lag % on the BTC price
prediction with various DL algorithms, considering a 3-step ahead prediction horizon
(s =3).

former for # € {25,30} and # = 10, respectively. As shown in Figure 6.9, the
Transformer generally outperforms the other models, except when # € {10,25,30},
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Figure 6.6: Impact, in terms of RMSE, of the value of the time lag 7 on the ETH
price prediction with various DL algorithms, considering a 3-step ahead prediction

horizon (s = 3).
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Figure 6.7: Impact, in terms of MAE, of the value of the time lag % on the ETH
price prediction with various DL algorithms, considering a 3-step ahead prediction

horizon (s = 3).

where BiLSTM and CNN-GRU achieve higher R? values.

For the sake of clarity, a summary of the best-performing DL algorithms, in terms
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Figure 6.8: Impact, in terms of MAPE, of the value of the time lag #  on the ETH
price prediction with various DL algorithms, considering a 3-step ahead prediction

horizon (s = 3).
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Figure 6.9: Impact, in terms of R?, of the value of the time lag # on the ETH price
prediction with various DL algorithms, considering a 3-step ahead prediction horizon
(s =3).

of RMSE, is shown in Table 6.6, which highlights how Transformer consistently out-

performs the other models in the majority of scenarios, confirming its robustness in
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Figure 6.10: Impact, in terms of RMSE, of the value of the time lag %" on the XRP
price prediction with various DL algorithms, considering a 3-step ahead prediction

horizon (s = 3).
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Figure 6.11: Impact, in terms of MAE, of the value of the time lag 7 on the XRP
price prediction with various DL algorithms, considering a 3-step ahead prediction

horizon (s = 3).

capturing temporal dependencies for short-term predictions. To better highlight the

performance and generalization capability of the considered models in predicting
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Figure 6.12: Impact, in terms of MAPE, of the value of the time lag " on the XRP
price prediction with various DL algorithms, considering a 3-step ahead prediction
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Figure 6.13: Impact, in terms of R?, of the value of the time lag % on the XRP price
prediction with various DL algorithms, considering a 3-step ahead prediction horizon
(s =3).

BTC, ETH, and XRP prices, the training and validation losses are shown in Fig-
ure 6.14, Figure 6.15, Figure 6.16, and Figure 6.17.
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Table 6.6: Best-performing DL algorithms, according to RMSE, for the cryptocur-
rencies’ prices prediction, considering a 3-step ahead prediction horizon (s = 3) and

various values of 7.

Cryptocurrency W =5 W =10 W =15 W =20 W =25 W =30
BTC Transformer Transformer Transformer Transformer Transformer GRU
ETH Transformer BiLSTM Transformer Transformer Transformer Transformer
XRP Transformer BiLSTM Transformer Transformer CNN-GRU CNN-GRU
MLP Training vs. Validation Loss SimpleRNN Training vs. Validation Loss BiGRU Training vs. Validation Loss
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Figure 6.14: Training and validation loss for BTC using the proposed DL models.

Then, in order to evaluate the accuracy in the case of long-term cryptocurrencies
prices forecasting, the prediction horizon has been extended to 10-, 15-, and 20-step

ahead (s € {10,15,20}), considering a fixed time lag % = 25. In particular, after
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Figure 6.15: Training and validation loss for ETH using the proposed DL models.

experimental tuning activities, 7" = 25 has been selected since it represents a good
trade-off between low values of the error metrics (MSE, RMSE, MAE, MAPE) and

high value of R?, thus indicating accurate and reliable predictions.

At this point, recalling that the collection time interval in the dataset is equal to
4 hours, the considered values of s correspond to cryptocurrencies’ price predictions
for the next 40, 60, and 80 hours, respectively. The experimental findings achieved
with this long-term prediction assessment in terms of RMSE for BTC, ETH, and XRP,
are presented in Figure 6.18, Figure 6.22, and Figure 6.26, respectively. On the basis

of these results and as described in Table 6.7, Transformer is more accurate (if com-
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Figure 6.16: Training and validation loss for XRP using the proposed DL models.

pared to the other evaluated DL models) for long-term price prediction. Furthermore,
the results of the comparison, in terms of MAE, of BTC, ETH, and XPR are shown

in Figure 6.19, Figure 6.23, and Figure 6.27, respectively. More exactly, Transformer

returns the lowest MAE rate in all of the long-term predictions for ETH and BTC, as
well as trials with XRP (s € {10,20}). The evaluations in respect to the MAPE are
shown in Figure 6.20, Figure 6.24, and Figure 6.28, respectively, where the superior-

ity of Transformer in clear. Finally, R? is the last evaluated metric that illustrated for
BTC, ETH and XRP in Figure 6.21, Figure 6.25, and Figure 6.29, respectively. On the

basis of the collected data, similar to the previous results, Transformer outperforms
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Figure 6.17: Training and validation loss for BTC, ETH, and XRP using the proposed

Transformer model.
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Figure 6.18: Impact, in terms of RMSE, of the value of the prediction horizon s on the

BTC price prediction with various DL algorithms, considering a time lag %" = 25.

the other models in terms of RZ.

Finally, for the sake of clarity, real prices and those predicted through the consid-
ered DL algorithms, are shown for BTC, ETH, and XRP in Figure 6.30, Figure 6.31,

and Figure 6.32, respectively.
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Figure 6.19: Impact, in terms of MAE, of the value of the prediction horizon s on the
BTC price prediction with various DL algorithms, considering a time lag %# = 25.
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Figure 6.20: Impact, in terms of MAPE, of the value of the prediction horizon s on the
BTC price prediction with various DL algorithms, considering a time lag #" = 25.

6.3.6 Computational Complexity

In order to investigate the computational complexity of the considered DL algorithms,
the number of MACC operations, the number of parameters, and the FLASH mem-

ory size returned by each DL model, have been considered as performance metrics
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Figure 6.21: Impact, in terms of R?, of the value of the prediction horizon s on the
BTC price prediction with various DL algorithms, considering a time lag % = 25.
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Figure 6.22: Impact, in terms of RMSE, of the value of the prediction horizon s on the
ETH price prediction with various DL algorithms, considering a time lag #" = 25.

exploiting the ST Edge AI Developer Cloud [74] tool. As a result, the obtained per-
formance is shown in Table 6.8, where it can be observed that CNN-RNN returns
the lowest number of MACC operations and parameters in comparison to the other
discussed RNNs, while SimpleRNN offers the smallest FLASH memory size.
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Figure 6.23: Impact, in terms of MAE, of the value of the prediction horizon s on the

ETH price prediction with various DL algorithms, considering a time lag % = 25.
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Figure 6.24: Impact, in terms of MAPE, of the value of the prediction horizon s on the
ETH price prediction with various DL algorithms, considering a time lag %# = 25.

6.3.7 Joint Accuracy-Complexity Trade-Off

Finally, in order to evaluate the overall computational-accuracy performance trade-
off of the considered DL algorithms in predicting BTC, ETH, and XRP prices, it is

crucial to assess a performance metric that considers both the computing complexity
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Figure 6.25: Impact, in terms of R?, of the value of the prediction horizon s on the
ETH price prediction with various DL algorithms, considering a time lag % = 25.
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Figure 6.26: Impact, in terms of RMSE, of the value of the prediction horizon s on the
XRP price prediction with various DL algorithms, considering a time lag # = 25.
and the accuracy. To this end, the following metric is defined:

& £ MACCs Number * Average MAPE . (6.11)

Then, the average MAPE has been calculated considering various time lags % €
{5,10,15,20,25,30} and a prediction horizon s = 3 for the different DL models of
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Figure 6.27: Impact, in terms of MAE, of the value of the prediction horizon s on the

XRP price prediction with various DL algorithms, considering a time lag % = 25.
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Figure 6.28: Impact, in terms of MAPE, of the value of the prediction horizon s on the
XRP price prediction with various DL algorithms, considering a time lag # = 25.

interest. According to the results shown in Table 6.9, CNN-GRU provides the lowest
value of & when focusing on the BTC and ETH price prediction, while CNN-RNN

returns the lowest value of & for XPR price prediction.

These results indicate that the time lag substantially impacts the prediction accu-
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Figure 6.29: Impact, in terms of R?, of the value of the prediction horizon s on the

XRP price prediction with various DL algorithms, considering a time lag % = 25.

Table 6.7: Best-performing DL algorithms, according to RMSE, for the cryptocurren-

cies’ prices prediction, considering various long-term step ahead prediction horizons
s € {10,15,20} and a fixed time lag #" = 25.

Cryptocurrency s=10 s=15 s =20
BTC Transformer | Transformer | Transformer
ETH Transformer | Transformer | Transformer
XRP Transformer | Transformer | CNN-GRU

Table 6.8: Complexity comparison of the considered DL models.

Model SimpleRNN LSTM BiLSTM GRU
MACCs number 155,099 622,599 432,599 462,599
Parameters number 6,263 24,863 17,263 18,963
FLASH size [KiB] 37 116 89 93
Model BiGRU CNN-RNN | CNN-GRU | Transformer
MACCs number 320,099 83,879 129,287 1,151,360
Parameters number 13,263 6,883 11,139 299,907
FLASH size [KiB] 74 46 69 970




Chapter 6. Deep Learning Algorithms for Cryptocurrency Price Prediction: a
Comparative Analysis

132
—Real --BiLSTM --CNN --GRU MLP
BiGRU ---CNN-GRU -~ CNN-RNN  LSTM ----Transformer
24,000
a
wn
& 22,000
g ¢
£ 20,000 ﬂ
O ST
H A ) v
M 18,000 "
16,000
0 100 200 300 400 500 600 700 800 900

4-hour points

Figure 6.30: BTC price long-term prediction results obtained by the considered DL
models, with a time lag #" = 25, and considering a 10-step ahead prediction horizon

(s =10).
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Figure 6.31: ETH price long-term prediction results obtained by the considered DL
models, with a time lag % = 25, and considering a 10-step ahead prediction horizon

(s = 10).

racy: in fact, shorter values of the time lag capture immediate effects and short-term
patterns, whereas longer time lags capture stable trends and cyclic behaviors. More-

over, the selected time lag sizes were customized to the differentiate volatility and
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Figure 6.32: XRP price long-term prediction results obtained by the considered DL
models, with a time lag %" = 25, and considering a 10-step ahead prediction horizon

(s =10).

Table 6.9: Joint accuracy-complexity & of the considered DL models.

Model | SimpleRNN LSTM BiLSTM GRU
BTC 4.898.29 18,371.39 17,027.93 14,509.03
ETH 3,761.29 16,428.58 8,695.51 10,435.69
XRP 4,032.3 16,803.34 10,063.94 10,724.07
Model BiGRU CNN-RNN | CNN-GRU | Transformer
BTC 14,309.22 7,608.38 2,945.79 23,976.89
ETH 7,323.34 2,248.59 2,235.88 21,324.44
XRP 7,399.53 2,305.26 2,412.08 30,091.47

momentum patterns of various cryptocurrencies, thus improving the models’ capacity
to derive insights from past data. Then, by fine-tuning these time lags, the prediction
precision was enhanced, providing traders and investors with more reliable forecasts

to make well-informed decisions in practical situations.

6.3.8 Research Limitations

Finally, for the sake of completeness, in the following a few potential limitations of

the proposed approach (which can thus lead to further improvements and research
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directions) are highlighted and discussed.

6.4

Determining the appropriate time lag: identifying the most suitable time lag for
prediction requires substantial experimentation. In fact, the selection process
is empirical and not straightforward, involving multiple comparisons in order
to determine the appropriate value for accurate forecasts and understand the

relationship between prediction accuracy and varying lag sizes.

Model generalization across cryptocurrencies: developing a model able to pre-
dict values for all the existing cryptocurrencies with the lowest error is chal-
lenging, given the fact that each cryptocurrency has unique features and market
behaviors. This makes the (ideal) goal of constructing a generally applicable

forecasting model exceedingly difficult.

Limited historical data: the availability of short historical data for new cryp-
tocurrencies can complicate the creation of credible forecasting models, since
accurate models generally depend on significant historical data in order to be

able to capture trends and patterns properly.

Market volatility and unpredictability: the tremendous volatility and unpre-
dictability of the cryptocurrency market can severely impair prediction accu-
racy. This is due to sudden market movements, regulatory developments, and
other external factors, that can lead to considerable failures in predictions.

Data quality: the precision of predictions is contingent on the data quality.
Therefore, it is crucial to ensure that the data collection process is robust and

efficient.

Overfitting: DL models are susceptible to overfitting, which makes it essential

to carefully tune the model and apply appropriate regularization techniques.

Conclusions

This study presents and discusses an experimental comparative analysis of various
DL algorithms, including MLP, SimpleRNN, LSTM, BiLSTM, GRU, BiGRU, CNN,
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CNN-RNN, CNN-GRU, and Transformer, for short- and long-term price prediction
of three well-known cryptocurrencies: BTC, ETH, and XRP. The obtained results
highlight that, for both short-term and long-term predictions, the Transformer model
outperforms the other considered DL algorithms in all the cases, returning the low-
est prediction errors (including RMSE, MAE, and MAPE) and achieving the high-
est R? values across various experiments. Furthermore, on the basis of experimental
findings, CNN-RNN exhibits the lowest complexity level, measured in terms of the
number of MACC operations. On the other hand, SimpleRNN has the lowest number
of parameters and requires the smallest amount of FLASH memory (compared to the
other DL models). Finally, by investigating the joint accuracy-complexity through
the metric £ introduced in (6.11), our results show that CNN-GRU provides the low-
est (i.e., the best) value of & when predicting future BTC and ETH prices, while
CNN-RNN yields the best performance (i.e., the lowest value of &) when the pre-
diction focuses on XRP. In fact, although the Transformer model returns the high-
est prediction accuracy, it is also the most computationally expensive and is not the
best considering the metric . The complexity of the Transformer may be a limita-
tion depending on the available resources on the chosen processing platform. Future
research could focus on integrating sentiment analysis-based approaches and the in-
fluence of macroeconomic factors into predictive models to enhance the accuracy of

cryptocurrency price predictions.






Chapter 7

Conclusions

In this Thesis dissertation, Al has been employed to model and analyze complex
data, extracting meaningful patterns and features, and has been outstanding in solv-
ing both linear and nonlinear problems. Many times, Al algorithms outperform tra-
ditional methods in terms of accuracy, efficiency, and scalability. Currently, an ex-
tensive range of Al algorithms is utilized across various domains, including NLP,
healthcare, and environmental monitoring. Concurrently, microcontrollers and IoT
devices have been enhanced, enabling the deployment of Al on resource-limited IoT
systems. These enable [oT devices, widespread in everyday life, to collect, analyze,

and process data locally with enhanced intelligence.

Local data processing has several advantages. By lowering latency dramatically, it
enables real-time decision-making and speedy responses to dynamic situations. This
strategy increases privacy and security by eliminating reliance on the transfer of data
from third-party suppliers, lowering vulnerabilities, and boosting data integrity. This
capability for real-time makes the devices of IoT more responsive and efficient in
their application to environmental monitoring, human activity recognition for health-
care and fitness applications, or object detection in video streams for surveillance and

automation.

This Thesis further indicates that there is a lot of opportunity to improve Al,

more precisely ML and DL models, for operations on resource-constrained devices.
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The core contribution of this Thesis lies in exploring how to design and optimize
ML/DL models for real-world deployments on constrained hardware. Applications
span from air quality prediction and healthcare to cryptocurrency predictions and hu-
man activity identification, illustrating the great applicability of embedded Al. This
study seeks to build a case that the real-world deployments on edge devices can be
facilitated by the approaches of BO, QAT, and PTQ in a quest for model accuracy,
computing efficiency, and deployability trade-offs. These studies illustrate how em-
bedded Al is able to transform intelligent, efficient, and secure IoT systems. For the
sake of completeness and clarity, the best-performing models, in terms of joint trade-
off between prediction accuracy and computational complexity, which provide high
prediction accuracy while maintaining efficient computational complexity, are sum-
marized in Table 7.1. In fact, these models were selected on the basis of (i) their
suitability for deployment on resource-constrained tiny IoT devices and (ii) their per-
formance within the specific applications discussed in this Thesis. The findings in-
dicate that GRU, CNN, and their combinations offer a suitable compromise between
prediction accuracy and computational complexity across diverse applications. How-
ever, for audio-based applications, specifically Parkinson’s disease detection and tiny
audio denoising, these models struggled to effectively capture the temporal and spec-
tral features intrinsic to audio data.

In more detail, the purpose of these studies that are presented in this Thesis was
to undertake a full inquiry regarding the integration of DL and ML models in IoT
devices with limited capabilities and delve into the methodologies that can help us
produce robust, efficient, and lite deployable models. These findings show that we
cannot discover a strategy that performs the best in all studies with varied natures of
data, and each ML/DL model has its own advantages and drawbacks in performing
prediction and classification tasks. Moreover, these studies cover many ways of pre-
processing for inputs, from cryptocurrency features to the data from wearable sensors
that track human activity to the audio data and the data from environmental sensors
that highlights the importance of the preprocessing phase in predictions efficiency.
The preprocessing procedure and techniques that are required are dependent on the

nature of the raw data that we want to process.
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Table 7.1: Table summarizing the selected DL models optimized for joint accuracy
and complexity across the different application scenarios discussed in this Thesis.

. Best Model
Topic ) )
(Joint Accuracy-Complexity)
Al lit dicti
i quatily preciction CNN-BiGRU & GRU
(Chapter 2)
Parkinson Disease detection QID-CNN
(Chapter 3)
Tiny audio denoising
LMU
(Chapter 4)
Sport activities classification .
CNN-BiGRU
(Chapter 5)
Crypt i dicti
ryptocurrency price prediction CNN-GRU
(Chapter 6)
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