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What This Book Series Is About

Current Healthcare: What Is Behind the Issue?
For many acute and chronic disorders, the current healthcare outcomes are considered as being inadequate: global figures cry for preventive measures and personalised treatments. In fact, severe chronic pathologies, such as cardiovascular
disorders, diabetes and cancer, are treated after onset of the disease, frequently
at near end stages. Pessimistic prognosis considers pandemic scenario for type 2
diabetes mellitus, neurodegenerative disorders and some types of cancer over the
next 10–20 years followed by the economic disaster of healthcare systems in a
global scale.

Advanced Healthcare Tailored to the Person: What Is Beyond
the Issue?
Advanced healthcare promotes the paradigm change from delayed interventional to
predictive medicine tailored to the person, from reactive to preventive medicine and
from disease to wellness. The innovative Predictive, Preventive and Personalised
Medicine (PPPM) is emerging as the focal point of efforts in healthcare aimed
at curbing the prevalence of both communicable and non-communicable diseases,
such as diabetes, cardiovascular diseases, chronic respiratory diseases, cancer and
dental pathologies. The cost-effective management of diseases and the critical role
of PPPM in modernisation of healthcare have been acknowledged as priorities by
global and regional organisations and health-related institutions, such as the United
Nations Organisation, the European Union and the National Institutes of Health.
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What This Book Series Is About

Why Integrative Medical Approach by PPPM as the Medicine
of the Future?
PPPM is the new integrative concept in healthcare sector that enables to predict
individual predisposition before onset of the disease, to provide targeted preventive
measures and to create personalised treatment algorithms tailored to the person. The
expected outcomes are conducive to more effective population screening, prevention
early in childhood, identification of persons at risk, stratification of patients for the
optimal therapy planning, prediction and reduction of adverse drug-drug or drugdisease interactions relying on emerging technologies, such as pharmacogenetics,
pathology-specific molecular patters, subcellular imaging, disease modelling, individual patient profiles, etc. Integrative approach by PPPM is considered as the
medicine of the future. Being at the forefront of the global efforts, the European
Association for Predictive, Preventive and Personalised Medicine (EPMA, http://
www.epmanet.eu/) promotes the integrative concept of PPPM among healthcare
stakeholders, governmental institutions, educators, funding bodies, patient organisations and public domain.
Current book series, published by Springer in collaboration with EPMA,
overview multidisciplinary aspects of advanced biomedical approaches and
innovative technologies. The integration of individual professional groups into
the overall concept of PPPM is a particular advantage of this book series. Expert
recommendations focus on the cost-effective management tailored to the person
in health and disease. Innovative strategies are considered for standardisation of
healthcare services. New guidelines are proposed for medical ethics, treatment of
rare diseases, innovative approaches to early and predictive diagnostics, patient
stratification and targeted prevention in healthy individuals, persons at risk,
individual patient groups, subpopulations, institutions, healthcare economy and
marketing.
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Introduction

Many challenges are being faced nowadays regarding the evolution of medicine
in this early twenty-first century. Indeed, with older populations in most of the
developed countries, many new and renewable health issues are being faced in
strong connection with the change occurred in the lifestyle of modern citizen. In
this sense, medicine and healthcare are also following a remarkable evolution.

1 The Paradigm Change from Reactive to Predictive,
Preventive, and Personalized Medicine (PPPM)
When focusing on the medicine history [1], one can easily notice the evolution
over several steps starting from traditional, complementary, and alternative medicine
(TCAM), then person-centered medicine (PCM) and individualized medicine (IM),
stratified medicine (SM), personalized medicine (PM), and more recently predictive,
preventive, and personalized medicine (PPPM) as a new philosophy in medical
sciences and healthcare. Nowadays, many efforts made by the international community, and especially EPMA as a leader in the field, allowed to identify the
main problems related to medical service [2], the overall deficits [3], and the main
challenges [4] faced by PPPM.

2 Digital Medicine: A New Culture in Medical Services
Part of this historical evolution is due to the reached technological advancements
over the past decades. Among these technological advancements, we can cite
modern equipments for body exploration and treatment. We can also cite the recent
developments that have been made possible due to information and communication
technologies (ICT). We talk today about digital medicine as a new culture in medical
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services. This revolution is typically promoted by the democratization of the use of
ICT tools. Patients, as well as doctors, have now access and are well sensitive to the
use of digital tools for medicine. Such tools are now used for diagnosis aid, therapy
planification, statistical knowledge extraction, etc.

3 Setup of e-Health
If one focuses on the setup trends for e-health, signal and image processing, machine
learning, and artificial intelligence are being widely used as done in many other
fields such as remote sensing, energy optimization, robotics, or autonomous cars.
As regards signal and image processing, it gathers tools and techniques for
processing data collected from patients or their environment as mono- or multidimensional signals. Processing can, for example, focus on enhancing the data
quality or extracting informations from the processed data. Success examples of
using signal and image processing tools can be found in [5].
Machine learning consists of using statistical tools to allow machines learning
from the data to solve specific tasks, especially when analytical modeling of the data
is impossible, which makes difficult the use of signal and image processing tools.
More generally, artificial intelligence aims at allowing these machines to simulate
intelligence in solving these specific tasks. Applied to the medicine, all these tools
are focused on the data related to one or a group of patients, resulting in a patientcentered methodology. Hence, using these tools for e-health requires gathering a
multi-professional expertise As an illustrative example, machine learning tools have
demonstrated their efficiency in applications such as breast cancer [6].
Among the tools that are being more and more used for digital medicine, we
can also cite mobile devices and communication [7]. Indeed, mobile devices allow
keeping closer to the patient in some sense. This is, for instance, possible by
recording the patient’s heart rate, motricity, etc. Mobile devices also allow sending
recommendations and alarms to patients in specific cases (distant monitoring, etc.).
In summary, the use of ICT tools makes it easier to go through predictive
diagnostics, targeted prevention, and personalized treatments.

4 Implementation of eHealth Approach in PPPM
As illustrative examples, this book volume presents recent works in three main fields
related to PPPM from an ICT point of view. Specifically, original works in machine
learning and artificial intelligence are published with novel tools for digital health.
Works in medical signal and image processing are also published with promising
applications in diagnosis aid.
Finally, works including the use of Internet of Things (IoT) for digital health are
presented with high-potential applications, such as fatigue prediction.
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In brief, this book volume gives a representative sample with an overview about
the current trends in digital health for PPPM. It provides a viewpoint about how to
serve medicine and healthcare from an ICT point of view as recommended by the
EPMA community.

5 Outlook for e-Health
This book volume also allows one to guess future trends in digital health. Indeed,
artificial intelligence is expected to gain more interest for healthcare in general.
With the abundance of data, the available AI tools, as well as future developments
in the field, may even redefine some traditional concepts such as drug prescription
or surgery. We also think that a strong interest will be moved from diagnosis aid to
prevention with AI. Indeed, one of the main issues that have been addressed by the
medical signal and image community, as well as the machine learning community,
is the transition from diagnosis aid to early diagnosis. This has dramatically changed
the diagnosis act in medicine using digital tools. In the same sense, prediction and
prevention using AI tools can enjoy a huge potential to fight, for example, cancer or
neurodegenerative diseases. This could mainly be encouraged by the current trends
in AI to move from data-driven clinical decision systems (CDS) to knowledgedriven CDS.
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Seizure Onset Detection in EEG Signals
Based on Entropy from Generalized
Gaussian PDF Modeling and Ensemble
Bagging Classifier
Antonio Quintero-Rincón, Carlos D’Giano, and Hadj Batatia

Abstract This paper proposes a new algorithm for epileptic seizure onset detection
in EEG signals. The algorithm relies on the measure of the entropy of observed
data sequences. Precisely, the data is decomposed into different brain rhythms
using wavelet multi-scale transformation. The resulting coefficients are represented
using their generalized Gaussian distribution. The proposed algorithm estimates
the parameters of the distribution and the associated entropy. Next, an ensemble
bagging classifier is used to performs the seizure onset detection using the entropy of
each brain rhythm, by discriminating between seizure and non-seizure. Preliminary
experiments with 105 epileptic events suggest that the proposed methodology is a
powerful tool for detecting seizures in epileptic signals in terms of classification
accuracy, sensitivity and specificity.
Keywords Entropy · Generalized Gaussian distribution · Ensemble bagging
classifier · Wavelet filter banks · EEG · Epilepsy
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1 Introduction
Epilepsy is a chronic disorder resulting from disturbed brain activity of nerve cells,
causing seizures. Electroencephalography (EEG) is the predominant modality to
study and diagnose epilepsy. The amplitude of the EEG epileptic signal strongly
depends on how synchronous or asynchronous is the activity of the underlying
neurons, because small electric signals sum to generate one larger surface signal
when a group of cells are excited simultaneously. This excitation is related to
seizures and it may exhibit abrupt intermittent transitions between highly ordered
and disordered states [12], allowing its features quantification to study the seizure
onset detection (SOD). The literature abounds with EEG signal processing methods
to detect brain seizures. Many existing methods rely on feature extraction and classification approaches using various techniques, such as time-frequency descriptors
[8, 15, 16, 30, 35], component analysis or common spatial patterns [1, 11, 23],
entropy [5, 7, 14, 17, 21, 22, 32, 42] or supervised machine learning, such as support
vector machines (SVM) [15, 36], discriminant analysis [19] or k-Nearest Neighbors
[1, 13, 39]. See [24, 28] for more details of the state of the art on EEG seizure onset
detection.
Ensemble machine learning methods have been developed to enhance the
performance of individual classifiers [43]. The underlying principle is to combine a
collection of weak classifiers in a suitable manner. The most popular combination
schemes are arithmetic or geometric averaging, stacking and majority voting rules
[37]. Ensemble bagging (standing for Bootstrap Aggregating) relies on bootstrap
replicates of the training set [4]. The classifier outputs are combined by the plurality
vote. This technique allows increasing the size of the training set, decreasing the
variance, and increasing the accuracy and narrowly tuning the prediction to expected
outcome [43]. Such classifiers can be optimal in terms of stability and predictive
accuracy for datasets with imbalanced class distributions, unstable models or for
data mining [33, 34, 38]. Ensemble bagging is widely used in bioinformatics,
particularly in protein prediction [2, 41] and recently was used in automatic
detection of iEEG bad channels [38].
In this work, we study the Shannon entropy of brain rhythms, based on the
generalized Gaussian distribution (GGD). The brain rhythms are obtained through
wavelet decomposition. An ensemble bagging method is used to classify EEG
signals as seizure or non-seizure. The classification parameters use the entropy and
the scale and shape parameters from the GGD. The motivation relates to the fact
that averaging measurements can lead to a more stable and reliable estimate, as the
influence of random fluctuations in single measurements is reduced. By building
an ensemble of slightly different models from the same training data, we can be
able to similarly reduce the influence of random fluctuations in single models [9].
The random fluctuations in epilepsy, consisting mainly of spontaneous (or chaotic)
neural activity, can be assessed using the entropy. The idea is to characterize the
dynamic EEG signal by determining the sudden changes in the epileptic signals
[31, 40]. Therefore, the random fluctuations that are typical of the variation of the
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uncertainty can be determined when the entropy is used [20]. In this study, we
train decision trees having low bias and high variances to discriminate between
seizure and non-seizure [3, 9]. To accurately predict responses, we combine these
tree by an ensemble technique in order to reduce the variance and maintain the bias
interchangeably low.
The remainder of the paper is structured as follows. Section 2 presents the
proposed method, with its three main steps detailed in Sect. 2.1 a statistical model
is introduced, next in Sect. 2.2 an entropy estimation is presented and in Sect. 2.3 an
ensemble bagging classifier is proposed. Section 3 presents a range of experimental
results with EEG recordings from the Children’s Hospital Boston database and
reports detection performance in terms of sensitivity, specificity, and accuracy.
Advantages, limitations, conclusions and perspectives for future work are finally
reported in Sect. 4.

2 Methodology
Let X ∈ RN ×M denote an EEG signal composed of M channels at N discrete
time instants. The original signal X is divided into a set of 2-s segments with
an overlap of 50%. The proposed method proceeds through four successive steps.
First, a multi-resolution wavelet decomposition using a Dauchebies (Db4) wavelet
filter bank is performed on the signals to extract spectral bands representing
brain rhythms (δ (0–4 Hz), θ (4–8 Hz), α (8–16 Hz), β (16–32 Hz), and γ (32–
64 Hz) frequency bands). Second, the resulting coefficients are represented using
a parameterized GGD statistical model where a couple of parameters [σ, τ ] are
estimated for each rhythm. Third, the Shannon entropy [ε] is then calculated using
these two parameters. Finally, in stage four, an ensemble bagging classifier is used to
discriminate between seizure and non-seizure signals, through the feature predictor
vector p = [σ, τ, ε] ∈ R3 associated with each 2-s segments of the EEG signal. The
following sections introduce the generalized Gaussian statistical model, the entropy
estimation and the ensemble bagging classifier.

2.1 Statistical Modeling
The signals are transformed using a Daubechies wavelet (dB4) transform at 6 scales.
The resulting wavelet coefficients have been grouped into separate spectral bands.
A generalized Gaussian distribution is fitted to the histogram of wavelet coefficients
of each segment in a given spectral band, where the probability density function
(PDF) is
f (x; σ, τ ) =

  x τ 
τ
 
exp −  
−1
σ
2σ Γ (τ )

(1)
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where σ ∈ R+ is a scale parameter, τ ∈ R+ is a shape parameter that controls the
density tail, and Γ (·) is the Gamma function. The maximum likelihood method has
been used to estimate the parameters σ and τ associated with each spectral band (see
[25–28] for more details). The entropy calculated using these parameters is used to
discriminate between seizure and non-seizure signals.

2.2 Entropy Estimation
Rényi entropy for the PDF from Eq. (1) is defined by
JR (ζ ) =

1
log
1−ζ




f ζ (x; σ, τ )dx

(2)

where ζ > 0 and ζ = 1, then solving the integral of equation (2) for the PDF from
Eq. (1) one obtains


∞
∞

=


f ζ (x; σ, τ )dx =
τζ

(2σ )ζ Γ ζ (τ −1 )

∞

∞

τζ
(2σ )ζ Γ ζ (τ −1 )

  x τ 
 
exp −   dx
σ

τ
 


x
 dx

exp − 
−1 )
−1 )
−(τ
−1
−(τ
Γ (τ )
σζ
∞ 2σ ζ


−1
2σ ζ −(τ ) Γ (τ −1 ) ∞
τ

τ

−1

=

τζ
2σ ζ −(τ ) Γ (τ −1 )
ζ
ζ
−1
τ
(2σ ) Γ (τ )

(3)

Thus, Eq. (2) takes the expression


τ
log ζ
− log
JR (ζ ) =
τ (1 − ζ )
2σ Γ (τ −1 )

(4)

Shannon entropy defined by E[− log f (X)] is the particular case of Eq. (4) for ζ →
1. Then limiting in (4) and using L’Hopital’s rule, one obtains the entropy for the
generalized Gaussian Distribution PDF
ε = E[− log f (X)] = τ

−1



τ
− log
2σ Γ (τ −1 )


(5)

We refer the reader to [6, 18] for a comprehensive treatment of the statistical
theory.
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2.3 Ensemble Bagging Classifier
Let Mt : C → {0, 1} be the binary class for the weak tree classifier tth for
t = 1, · · · , T , with 0 being the non-seizure event and 1 the seizure event; and
p = [σ, τ, ε] ∈ C the parameters to be classified. Then to combine the outputs
M1 (p), · · · MT (p) into a single class prediction, a weighted linear combination
of the outputs of the weak classifiers, can be used through an ensemble prediction
function M : C → {0, 1} such that
⎛
M(p) = sign ⎝

T

⎞
ωt Mt (p)⎠

(6)

t=1

where ω1 , · · · , ωT is a set of weights, according the majority vote results.
Consider a dataset D = {d1 , d2 , .., dN } with di = (pi , ci ), where ci is a class
label. The bagging algorithm (see Algorithm 1) returns the ensemble as a set of
models. The predictions T from the different models are combined by voting, and
the predicted class corresponds to the majority vote.
Algorithm 1: Bagging(D,T ,A) train an ensemble of models from bootstrap
samples, adapted from [9]
Data: data set D; ensemble size T ; learning algorithm A
Result: ensemble of models whose predictions are to be combined by voting
or averaging.
for t=1 to T do
build a bootstrap sample Dt from D by sampling |D| data points with
replacement;
run A on Dt to produce a model Mt ;
end
We refer the reader to [4, 43] for a comprehensive treatment of the properties of
ensemble bagging classifier.

3 Results
In this section, we evaluate the proposed method using the Children Hospital
Boston database. This dataset consists of 22 bipolar 256 Hz EEG recordings from
paediatrics subjects suffering from intractable seizures [10, 35]. In this work, we
have used 105 events from 11 different subjects that have the same 23 channels
montage. Each recording contains a seizure event, whose onset time has been
labeled by an expert neurologist. Here we used the expert annotations to extract
a short epoch from each recording such that it is focused on the seizure and that it
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contains both seizure and non-seizure signals. The neurologist annotated each signal
to indicate the beginning and end of the seizure epochs and, in addition, two adjacent
non-seizure signal segments. For each subject, three epochs of the same length were
selected. They are used as ground truth. Figure 1 shows the discrimination properties
of the proposed vector representation p = [σ, τ, ε] ∈ R3 , obtained from the wavelet
coefficients. We can see the direct relation between σ and ε; both increase as they
grow in the scale of their values for the seizure events (yellow circles) with respect
to non-seizure events (blue circles). Figure 2 shows the different ranges in the box
plots for the entropy. For each brain rhythm, the maximum an minimum values of
each box together with the quartiles can be used to set a threshold that differentiates
between seizure or non-seizure events.
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Fig. 1 Scatter plots from vector p = [σ, τ, ε] observed through all brain rhythms using 105
events: 35 seizures (yellow dots) and 70 non-seizures (blue dots). We can see how the seizure
event concentrates on high values of σ and . (a) Delta band. (b) Theta band. (c) Alpha band. (d)
Beta band. (e) Gamma band
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Fig. 2 Box plots of Shannon Entropy observed through all brain rhythms using 105 events (35
seizures and 70 non-seizures). The maximum an minimum values for each box together with the
quartiles can help to classify based on a thresholding approach. (a) Delta band. (b) Theta band. (c)
Alpha band. (d) Beta band. (e) Gamma band

Table 1 reports the mean and standard deviation of the entropy for all signals
showing a clear difference between a seizure and non-seizure events. The 95%
confidence interval (IC95%) permits to set a threshold for detecting the seizure. This
can help to determine the duration, amplitude, and classification between seizure
events and non-seizure events [29].
To assess the performance of the proposed method, we adopted a supervised
testing approach and used the 105 events described above to train and test the
method with a 10-fold cross-validation technique of the vector p = [σ, τ, ε] ∈
R3 . Table 2 reports the percentage of good classification in terms of: TPR = True
Positives Rate or Sensitivity; TNR = True Negative Rate or specificity; FPR = False
Positive Rate; FNR = False Negative Rate; Error Rate; and ACC = Accuracy (ACC).
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Table 1 Comparison between means, standard deviations of the entropy and 95% confidence
interval (IC95%) of seizure and non-seizure, using 105 events (35 seizures and 70 non-seizures)
for each brain rhythm. We can see how one can set a threshold for detecting the seizure
Bands
Delta
Theta
Alpha
Beta
Gamma

Non-seizure
Mean
Std
106.23
75.09
25.84
19.60
22.08
14.15
11.96
6.95
6.83
6.21

IC95%
[102.28, 110.17]
[24.81, 26.87]
[21.34,22.83]
[11.59, 12.32]
[6.50, 7.15]

Seizure
Mean
202.78
85.55
75.11
37.44
35.01

Std
122.53
67.49
67.32
44.05
43.57

IC95%
[193.68, 211.89]
[80.54, 90.56]
[70.10, 80.11]
[34.16, 40.71]
[31.78, 37.30]

Table 2 Ensemble bagged seizure detection performance for all brain rhythm in 105 events (35
seizure and 70 non-seizure) from the Children’s Hospital Boston database, in terms of: TPR = True
Positives Rate or Sensitivity; TNR = True Negative Rate or specificity; FPR = False Positive Rate;
FNR = False Negative Rate; Error Rate; and ACC = Accuracy, expressed as the percentage of good
classification
Metric
Brain rhythms

TPR
85.06

TNR
96.02

FNR
14.94

FPR
3.98

Error rate
7.23

ACC
92.77

4 Conclusions
This paper presented a new algorithm for epileptic seizure onset detection and
classification in EEG signals. The algorithm relies on the estimation of the entropy
in the time-frequency domain of the data. Precisely, the data is projected into
5 different brain rhythms using wavelet decomposition. The distribution of the
coefficients in each brain rhythm is approximated by a generalized Gaussian law.
The algorithm estimates the parameters of the distribution and its Shannon entropy,
at each brain rhythm. Next, an ensemble bagging classifier is used to discriminating
between seizure and non-seizure. The proposed method was demonstrated on 105
epileptic events of the Children’s Hospital Boston database. The results achieve
a classification with high accuracy (92.77%), sensitivity (85.06%) and specificity
(96.02%). The advantage of the proposed algorithm requires only estimating and
classifying two scalar parameters. This sets the way to implementing powerful softreal-time tools for detecting seizures in epileptic signals.
However, the main limitation relates to defining the sliding time-window and the
overlap of epochs due to the very high dynamics of epileptic signals.
Future work will focus on an extensive evaluation of the proposed approach in
order to implement deep learning techniques to handle unstable dynamic epileptic
EEG signals.
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Artificial Neuroplasticity with Deep
Learning Reconstruction Signals
to Reconnect Motion Signals for
the Spinal Cord
Ricardo Jaramillo Díaz, Laura Veronica Jaramillo Marin,
and María Alejandra Barahona García

Abstract A stroke may be accompanied by consequent disabilities that include
neuromuscular, cognitive, somatosensitive, and physiological disconnections. However, neuroplasticity allows the brain to generate new pathways for learning and
adapting to external situations after brain injuries, such as stroke. This chapter
discusses artificial neuroplasticity based on a deep learning application. Complete
electroencephalographic signals are used to reconstruct the original motor signal,
restore the necessary pulse, and promote the motion in short-term memory in the
spinal cord. The deep learning program was developed using a two-dimensional
data process that augments the computed velocity and arrives at a natural procedure.
Integrated technology reconstructs the lost signal, restoring motion signals in gray
matter through either feature maps of the convolutional neural network of the
resulting model or an algorithm that reconstructs the signal through the previously
extracted characteristics of artificial neural networks.
Keywords Stroke · Rehabilitation · Deep learning · Neuroplasticity

1 Introduction
A stroke is an acute injury to the brain that can cause permanent neuronal injury
or functional disability. There are two subtypes of stroke: ischemic (IS), which is
a lack of blood flow that deprives brain tissue of needed nutrients and oxygen; and
hemorrhagic (ICH), which is a release of blood into the brain that damages the brain
by cutting off connecting pathways. Biochemical substances released during and
after a hemorrhage also may adversely affect nearby vascular and brain tissues [1].
IS can be subdivided according to its three mechanisms: thrombosis, embolism, and
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Table 1 Mortality and
morbidity for stroke in
Colombia
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Hemorrhagic morbidity
Ischemic morbidity
Hemorrhagic mortality
Ischemic mortality

Men
1.567/9.08
2.927/17.08
3.248
3.089/18.10

Women
1.408/7.58
1.543/7.75
3.921/18.06
3.702/16.81

The data represent the types of hemorrhagic and
ischemic stroke in aspects of morbidity and mortality for
men and women in the country of Colombia

decreased systemic perfusion; usually it is known by the type of obstruction of blood
flow in the vascular system. ICH has four subtypes: subarachnoid, intracerebral,
subdural, and epidural, which have different factors [1].
According to the World Health Organization [2, 3], 15 million people suffer a
stroke worldwide each year. Of these, 5 million people die, accounting for 11.8% of
total deaths worldwide. The remaining survive with some type of disability. Stroke
is the leading cause of death in the European Union (EU), accounting for more than
1.1 million deaths each year and 35% of all deaths. There are more than 100,000
strokes in the United Kingdom each year, which is approximately 1 stroke every
5 min [4]. In Canada, strokes account for 7% of all deaths, which is equivalent
to 15,409 Canadians. In United States each year, approximately 795,000 people
experience a new or recurrent stroke: 610,000 of these are first attacks, whereas
185,000 are recurrent attacks. According to official reports for Columbia, there were
approximately 3500 cases of ischemic stroke and 400 cases of hemorrhagic stroke
in Santander in 2017 [4]; of these, 270 women and 214 men died (death rates of
24.4% and 26.45%, respectively (Table 1).
The mean survival time after stroke is 6–7 years, with approximately 85%
of patients living past the first year of stroke. The majority of patients with
stroke survive and live with chronic disabilities [5]. Risk factors for stroke include
hypertension, tobacco use, and alcohol consumption [6]. In patients with traumatic
brain injury, evaluations for subarachnoid hemorrhages should be conducted when
contusions are found on computerized tomography in the intensive care unit [7].
Techniques such as quantitative electroencephalography and brain mapping
show the amplitude (voltage) and time signals produced in the cerebral tissue
with exact locations. Simultaneously, the signal uses processes such as Fourier
transformation to obtain the characteristic frequencies and spectral power. The
electric manifestations of the brain’s cellular polarization and depolarization can
be affected when perfusion changes and cellular metabolism are in crisis due to
incorrect blood flow [8].
Continual electroencephalography is a technique that provides follow-up diagnostics. It can indicate when the spectral power and signal amplitude have critical
values representing possible infarcts and provides information for appropriate
treatment. Such treatment increases the probability of complete rehabilitation and
helps to avoid the adverse events shown by the loss of beta and alpha signals [9].
Knowledge of the mechanisms underlying neural plasticity changes after stroke
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influences neural rehabilitation according to the type of therapy selected and damage
that occurred.
Neural plasticity is the neurobiological ability to adapt and learn in an
experience-dependent manner. At the structural level, neural plasticity can be
defined in terms of dendritic and axonal branch spine density, synapse number
and size, receptor density, and (in some brain regions) the number of neurons.
After an injury, the brain activates cell genesis and repair, changing the properties
of existing neural pathways and new neuronal connections in a relearning process
[10]. Currently, stroke rehabilitation focuses on restoring the affected brain structure
or the function of the central nervous system (CNS) using a variety of therapies [5].
The neuroplasticity generated by cognitive training (thoughts and activities)
consists of increasing the capacity of general understanding and messages with
information to process; this type of information is administered to block possible
distractions during training. The increase in connectivity is observed in two types
of cognitive control networks: front-parietal and cingular-opercular networks. This
training induces continuous neuronal plasticity in the recovery phase of traumatic
brain injuries, evaluating the efficiency of this treatment with biomarkers [11].
Neuromotor learning is another type of training during the recovery period that
stimulates structural neuroplasticity through physical activities that integrate memory storage and proprioception, which can be evidenced by functional magnetic
resonance imaging [12].
Neuroplasticity is a theoretical potential compensatory ability that develops in
the adult brain after a stroke; a non-compensatory or malcompensatory process may
be visualized early [13]. The development of neurogenesis and oligodendrogenesis
have been found on ventricular and sub-ventricular processes in preclinical studies
[14]. Functional connectivity in the resting state demonstrated in progress in
different areas for the chronic phases of traumatic brain injury over 3 months of
training.
Non-invasive rehabilitation allows artificial neuroplasticity by reconstructing
brain signals from the areas surrounding the stroke by deep learning, which
reconnects the movement signals to the spinal cord. The term deep learning refers
to the hidden layers in the structure of the artificial neural network. This type
of learning is made up of input, hidden, and output layers. The main stages
of this process are as follows: the convolution of the acquired signal data, the
characterization of signal patterns, the grouping of the data set, and the complete
connection of the representative nodes of the artificial network neurons [15].
The mathematical convolution process reconstructs the components’ time and
amplitude signals mixed in online one signals like scaled respond sum impulse
[16]. The neurological signals are designed as stochastic signals [17] according
to the stochastic principles of high density in X-axis, bifurcation waveform and
topologically transitive. However, when the signal is acquired with more accuracy
than 10–20 configurations [18], the sulcus, circumvolution, and functional real areas
of this sensor can be used to create a mixture of different signals and generatie a
hypothetical stochastic reaction [25].
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The convolutional neural network (CNN) is a type of deep neural network
machine learning. This technique learns automatically and adapts to patterns and
characteristics using electroencephalography to characterize signals. The CNN
architecture ensures translation and shifts in variance [15]. This approach is structured with three types of layers: convolution, pooling, and fully connected, including
some filters. The filters are established to convolve the input and are adjusted
during training as a weighted vector and filters for convolution and grouping
operations [19].
The convolution is performed by sliding the kernel over the input to obtain a
convolved output for extracting discriminative features. The pooling layer decreases
the size of the feature map while at the same time preserving the significant features.
The fully-connected layer connects every neuron within the layer to every neuron
in the next layer [15, 19]. The neurons are all connected, and each connection has
a specific weight. This layer establishes a weighted sum of all the outputs from the
previous layer to determine a specific target output [15]. The fully connected neural
networks are commonly used for simultaneously learning features and classifying
data. The basic idea behind a convolutional neural network is to reduce the number
of parameters, allowing a network to be deeper with fewer parameters [20].
A CNN guarantees the classification and translation of information. It is composed of convolution layers, where the nucleus slides on the entry point to obtain a
convoluted output that is a set of characteristics. Grouping this layer makes a filter
of the main features, and the connection layers connect each node (neuron) in the
following layers [19].
A CNN can perceive adjacent signal patterns to characterize areas, as well as
receptive and sharing patterns in signals. This process is based on the convolution
of the kernel. It uses multiple convolution nuclei to construct the sample signals,
which allow one to obtain local characteristics. At the same time, the characteristics
of the model can be reduced by downward sampling. The final characteristics
of the sample signals can be extracted by iterative convolution and descending
sampling. The extracted characteristics can be used to reconstruct sample signals
by deconvolution and ascending sampling [21].

2 Materials and Methods
The following protocol was formulated for neurorehabilitation after a stroke, to
generate artificial neuroplasticity through the use of deep learning:
1. Frame generation referring to the anatomy and physiology of the stroke
2. Extraction of the main concepts and relevance based on the information
acquired
3. Realization of the acquisition of signals surrounding the study area
4. Identification of relevant patterns from the acquired signals
5. Identification of nearby signals that generate a reconstruction of the signal
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6.
7.
8.
9.
10.
11.

Characterization of the set of signals and patterns of the study area
Sampling of signals from the study area
Quantification of sampled signals
Identification of the sampling points
Organization of signals in hierarchical order
Conduction of research related to deep learning and its application in neuroplasticity or diseases that lead to possible neuronal damage
12. Implementation of the set of signals and patterns in the process of artificial
neuroplasticity in a simulation of the process based on the information collected
The elements used in this investigation were the neurological signals for the
extraction of the set of patterns and characteristics that affect the convolution of
the signals. MATLAB processing software was used to apply deep learning with
the obtained data set. The CNN was developed using concepts referring to research
related to deep learning. Artificial neural networks were used and applied to the
convolution.
The basic process of a convolutional layer was used to filter the signals and
extract specific characteristics. A convolutional layer was generated from K kernels
of the evaluated Rf receptive field, which equates to the map of characteristics in
the internal layers. Convolution of a layer X is shown in Eq. (1) [22]:
X = {xij : 1 ≤ i ≤ c, 1 ≤ j ≤ z}

(1)

Here, c is the number of channels in the layer and z is the number of units in each
channel [20], with K each of the receptive field Rf and depth c. The convolution of
a layer Y was generated using Eqs. (2) and (3) [22]:
Y = {xij : 1 ≤ i ≤ m, 1 ≤ j ≤ z}
c

k

=1
d

(2)

= 1w d, ex i + d, j + e

(3)

e

Here, K is the kernels, c is the number of channels in the layer, m is the number
of units in each channel of the layer, w is the weight in each layer, and e refers to
the error inputs [22].
Extraction of the feature map of the convolution layer is carried out by means
of kernels or specific points of the layer to obtain the output, the convolution layer
(Eq. 4) [23]:
N −1

cm =

f nKm − n
n=0

(4)
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Here, c is the output of the filter layer, f is the filter, k is the kernels and number
data, and the subscript n and m indicate the elements in the filter and the output
calculated for elements, respectively [23, 24].
The fully-connected layer is the connection of each neuron in one layer to the
next with a specific weight to affect the stacking of the layers [17, 23]. Eq. (5) refers
to the fully-connected layer, where x and y are the output and inputs of the layers,
respectively, and b is the weights and biases.
xi =

wj iyj + bi

(5)

j

Other layers can be used for stabilization of the CNN model. For example, the
local response normalization (LRN) layer is usually placed after the activation of
convolution layer. Feature maps of the convolution layer have N channels with
preset siz; the LRN layer will produce a new feature. The following equation denotes
the value of the feature map of the convolution layer at a spatial location (Eq. 6) [24]:
i
bm,n
=

k

i
am,n
β


min N −1,i+ N2  j 2
am,n
+ α max 0,i− n
(
2)

(6)

3 Results
In a preliminary review of neuroplasticity, it can be observed that the brain is a
dynamic organ that adapts to different environments and situations due to its flexible
characteristics. In a revision of experimental models, the object of study can be
supported by visual stimulation (which also can be a sensory substitution, such as
in the case of people who have undergone amputation and still feel the limb). When
generating stimuli in certain regions of the brain, this information is processed to
recreate sensations. The region associated with responding to these stimuli is the
cortex, which sends these stimuli to the spinal cord. Sensory stimuli are able to
recreate the absent/visual part or even improve the stroke’s itself flaws as the balance
by means of electrical stimuli that process this information in qualities or motor
results.
In the first stage, the electroencephalography (EEG) base signal was acquired.
The alpha, beta, theta, delta, and gamma rhythms (Fig. 1) were obtained with a
basic acquisition system of a bipolar electrode.
To observe the activation of brain areas in response to different stimuli, a human–
machine interface was used (EMOVIT) to generate an activation response in the
sensors and acquire the rhythms of the EEG (Fig. 2).
To characterize patterns in the EEG signal, specific points were obtained in the
signal in response to different stimuli. For the extraction of characteristic maps,
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Fig. 1 Acquisition and characterization of the rhythms of the electroencephalography signal with
a bipolar electrode system

Fig. 2 (a) Acquisition and characterization of the rhythms of the electroencephalography and (b)
location of the sensors of the brain interface machine

convolutional neural, the electroencephalography signal acquired in the activities
carried out during the registration is used, that is, the state of consciousness of the
patient (in Fig. 3).
The deconvolution process was developed through the using the EMOVIT
circuit, MATLAB, and Simulink to extract features in the EEG signal (Fig. 4).
The expected results for the following stages are to obtain the deconvolution and
convolution of the set of acquired signals. By applying deep learning with the set
of patterns and characteristics of the convolution, the grouping of the data and the
complete connections between the obtained nodes are obtained, generating a signal
that serves as a substitution in the area affected by the brain injury.
Through grouping maps of characteristics obtained from convolution layers and
interconnected layers, we will be able to generate a model for the reconstruction
of specific signals through surrounding signals, which can generate new ways of
connection and adaptation, as well as possible applications of these.
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Fig. 3 (a) and (b) Characterization of EEG signal patterns

Fig. 4 Deconvolution process

4 Conclusion
Our preliminary results provide evidence of the characterization of rhythms in brain
signals through an electroencephalogram system with 10–20 configurations of an
electrode bipolar assembly. Future studies will need more points of acquisitions for
the brain signals. Future results should extract the patterns and characteristics of
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electroencephalography signals through a mathematical process of convolution and
the application of deep learning to the convolution data.
The advantages of using deep learning include the extraction of signal characteristics by obtaining a final model or algorithm and the suppression of data that may
be redundant. An element that is part of one of the branches of artificial intelligence
can increase the number of nuclei and thus expand the possibilities for prediction
and modeling.

References
1. Caplan LR (2009) Caplan’s stroke a clinical approach, 4th edn. Saunders Elsevier, Philadelphia
2. Johnson W, Onuma O, Owolabi M, Sachdev S (2016 Sep) Stroke: a global response is needed.
Bull World Health Organ 94(9):634–634A
3. The internet stroke center an independent web source for information about stroke care an
research, “Stroke Statistics.” [Online]. Available: http://www.strokecenter.org/patients/aboutstroke/stroke-statistics/. Accessed 12 Sep 2018
4. Sieger Silva FA (2016) Boletin cardiecol fase II N◦ 5, Bogotá
5. Cramer SC (2018) Treatments to promote neural repair after stroke. J Stroke 20(1):57–70
6. Longstreth WT, Koepsell TD (2016) Risk factors for Subarachnoid hemorrhage. Stroke
16(3):377–385
7. Allison RZ, Nakagawa K, Hayashi M, Donovan DJ, Koenig MA (2017 Feb) Derivation of a
predictive score for hemorrhagic progression of cerebral contusions in moderate and severe
traumatic brain injury. Neurocrit Care 26(1):80–86
8. Lazaridis C, Smielewski P (2013) Optimal cerebral perfusion pressure: are we ready for it?
Neurol Res 35(2):138–149
9. Kondziella D, Friberg CK (2014) Continuous EEG monitoring in aneurysmal Subarachnoid
hemorrhage: a systematic review. Neurocrit Care 22:450–460
10. Hermann DM, Chopp M (2014) Promoting brain remodelling and plasticity for stroke
recovery: therapeutic promise and potential pitfalls of clinical translation. Lancet Neurol
11:369–380
11. Han K, Chapman SB, Krawczyk DC (2018) Neuroplasticity of cognitive control networks
following cognitive training for chronic traumatic brain injury. NeuroImage Clin 18:262–278
12. Sampaio-Baptista C, Sanders Z-B (2018) Structural plasticity in adulthood with motor learning
and stroke rehabilitation. Annu Rev Neurosci 41:25–40
13. Toosy AT (2018) Valuable insights into visual neuroplasticity after optic neuritis. JAMA Neurol
75(3):274–276
14. Zhang R (2016) Function of neural stem cells in ischemic brain repair processes. J Cereb Blood
Flow Metab 0(0):1–10
15. Faust O, Hagiwara Y, Hong TJ, Lih OS, Acharya UR (2018) Deep learning for healthcare
applications based on physiological signals: a review. Comput Methods Prog Biomed 161:1–
13
16. Signals and systems basics (2013) In: Signals and systems in biomedical engineering, Springer,
Londres, p 40
17. McDonnell MC (2011) The benefits of noise in neural systems: bridging theory and experiment. Nature Neurosci Rev 12(7):415–426
18. Chong DJ (2007) Introduction to electroencephalography. In: Review of sleep medicine, 2nd
edn. Elsevier, Philadelphia, pp 105–141

20

R. G. Díaz et al.

19. Acharya UR, Oh SL, Hagiwara Y, Tan JH, Adeli H, Subha DP (2018) Automate d EEG-base
d screening of depression using deep convolutional neural network. Comput Methods Prog
Biomed 161:103–113
20. Habibi Aghdam H, Heravi EJ (2017) Guide to convolutional neural networks a practical
application to traffic-sign detection and classification. Springer, pp 1–299
21. Wen T, Zhang Z (2018) Deep convolution neural network and autoencoders-based unsupervised feature learning of EEG signals. IEEE ACCESS 6:25399–25410
22. Ullha I, Hussain M, Qazi E-u-H, Aboalsamh H (2018 April 21) An automated system for
epilepsy detection using EEG brain signals based on deep learning approach, vol 107. Elsevier,
pp 61–71
23. Acharya UR, Oh SL, Hagiwara Y, Hong Tan J, Adeli H, Subha D (2018 April 17) Automate
d EEG-base d screening of depression using deep convolutional neural network. Comput
Methods Prog Biomed 161:103–113
24. Aghdam HH, Heravi EJ (2017) Guide to convolutional neural networks a practical application
to traffic-sign detection and classification, Spain, Tarragona. Springer
25. Gollwitzer S, Groemer T (2015) Early prediction of delayed cerebral ischemia in subarachnoid
hemorrhage based on quantitative EEG: a prospective study in adults. Clin Neurophysiol
126(8)

Improved Massive MIMO Cylindrical
Adaptive Antenna Array
Mouloud Kamali and Adnen Cherif

Abstract Intelligent antenna systems need to meet the growing throughput capacity
and connectivity demands of various applications and services. Smart antennas are
using new access techniques, such as spatial division multiple access, beamforming,
and multiple-input multiple-output (MIMO) adaptive antenna systems. MIMO has
been recognized as an innovative technique for 5G networks that can significantly
increase network capacity. In this chapter, we propose the use of MIMO to improve
the radio spectrum, location uncertainty, and beam directivity in cases of mobility.
An improved MIMO antenna structure concept is detailed using MATLAB software.
Massive connectivity and capacity are demonstrated with a new millimeter-wave
cylindrical antenna geometry based on small cells.
Keywords MIMO · 5G · BDMA · Adaptive

1 Introduction
The huge sequences of voice, data, and internet video streaming used today require
high energy in a short period of time. However, existing technology is often
unable to support these new requirements for capacity and connectivity. Because
of their existing bit rate capacity, a considerable number of connectable devices and
functionalities cannot be supported in the next generation. Thus, it is necessary to
build new mobile technology for the 5G generation.
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1.1 What Is Different in a 5G Mobile Network?
The 5G generation addresses the needs of several interconnected objects, such as
robots, new generations of vehicles, controlled machines, ultra-high definition video
(e.g., 4K, 8K, 16K), device applications, and many other functionalities. The internet of everything (IoE), as it is well known, offers new features and functionalities,
including high mobility, unsignifying connection latency, and massively needed
connectivity.
The upgrades intended for 5G aim to achieve the following: traffic volume
density greater 10 Tbps/Km2 , a large data rate within 100 Mbps to 10 Gbps,
connectivity for an estimated seven billion people and seven trillion things, and a
small radio latency within 1 ms to 10 ms for end-to-end devices. To achieve these
goals, major changes are needed on this same axis for the following:
1.
2.
3.
4.
5.
6.
7.

Improving bandwidth.
Increasing the flow rate to meet the required user network coverage.
Suppressing period-zone traffic saturation.
Avoiding spectrum-allocated static service saturation.
Self-immunizing against all types of occurrences.
Improving quality of service.
Ensuring expected service prices, compatibility with already installed devices,
and referred scalability.

Several studies on this subject have described migration and applied changes
such as optimal dimensions, optimization methods, and massive multiple-input
multiple-output (MIMO).
One study [1] showed a new pattern of multiple access priorities in a random
access process. The authors proposed a novel root-index-based prioritized randomaccess scheme that implicitly embeds the access priority in the root index of the
random access preambles. The authors demonstrated that their proposed scheme
could support distinguished performance for different access priority levels, even
for a huge number of machine nodes.
In another study [2], the authors developed a platform that guarantees an interaction between WiMAX and WiFi at the physic and machine layers, accomplishes the
existing resources efficiently, mitigates electromagnetic interference, and improves
the overall performance of heterogeneous networks. The Orthogonal Frequency
Division Multiplexing Access (OFDMA)physical layer protocol was implemented
and combined with radio resource exploitation strategies and thoughtful power
allocation to users. Using real scenarios, the authors also showed that the synergy
between WiMAX and WiFi maintains a high mean capacity and power economy.
One group [3] presented a generalized frequency division multiple-access
method, which appears to be a promising multiple-access candidate for 5G mobile.
Another group [4] authors investigated a transmission strategy for multi-user
wireless information and power transfer using a multi-user MIMO channel. Their
system achieved transmission strategies that could be performed and implemented
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in practical scenarios. In a different study [5], the authors proposed a solution
that professionally arranges the monitoring services by automatically handling the
network’s available resources.
In one study [6], a layer division multiplexing system that uses a filter bank
multiple carrier (FBMC) was presented. The layer division multiplexing system had
both orthogonal frequency division multiplexing (OFDM) and FBMC modulated
layers. To use the filter bank multiple carrier in a layer division multiplexing system,
the log-probability ratio calculation scheme for FBMC was needed for low-density
parity check decoding.
Cell dimensions in another study [7] focused on a broadband multi-cell system.
Its key characteristics included base stations and relays that deployed beamforming
with large antenna arrays, and likely in-band full duplex relay processes.
Another study provided an example of massive MIMO [8] in a combined radarcommunication system that shared hardware resources and the spectrum to conduct
radar and communication functions simultaneously. The effects of signal-to-noise
ratio and the number of antennas on the mutual information and channel capacity
were discussed.
A network architecture with generalized frequency division multiple-access,
which was one of 5G’s most promising multiple-access candidates, has been
compared with a conventional single carrier, with consideration to the uplink
sum rate when both techniques were adjusted for an asynchronous scenario [3].
Specifically, a waveform windowing technique was applied to both arrangements to
alleviate the non-zero out-of-band emission inter-user interference.
Finally, another study [9] concentrated on previous generations of mobile
telecom and the basic architecture and concepts behind 5G technology.
In this chapter, we aim to mitigate the issues associated with migration from the
4G network to the 5G network using a new cylindrical topology that significantly
improves the number of elements in a massive MIMO system. The operational
frequency is increased and, as an immediate consequence, thin cell elements are
designed.
The next section presents the mathematical modelling of the proposed cylindrical
antenna, followed by simulation results and discussion. The final section presents
the conclusion and the main perspectives that have been involved.

1.2 Mathematical Modelling of the Cylindrical Antenna
The overall electrical field is a single element reference point field multiplied by an
array factor.
In the following, θ is the elevation angle, ϕ is the azimuth angle, m is number
of vertical antenna elements, n is the number of horizonal antenna elements, bm is
the excitation coefficient, K = 2π /λ is the free-space wavenumber, d is the distance
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between the elements, β is the excitation phase, In is the excitation coefficient, r
is the radius between the origin and the terminal (receiver), ϕn is the angle in the
x–y plane between the x-axis and the nth element, and α n is the excitation phase
ponderation:
Ftotal (θ, φ) =



Eθ2 + Eϕ2∗

M
m=1

×

bm ej (m−1)(Kd cos θ+β)∗
N
n=1

(1)
In ej (Krsinθ cos(ϕ−ϕn )+αn )

2 Simulation Results of the Massive MIMO for
the Cylindrical Antenna Array
Figure 1 shows a two-dimensional linear antenna array as vertical and parallel
element lines holding the same separation step between them, thus defining the
three-dimensional cylindrical network topology.
The beam direction is controlled by the elevation and azimuth angles. The power
is defined by the distance between the user and the antenna, modeled by the beam
width in Fig. 2.

Fig. 1 Antenna topology
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In Fig. 3. a three-dimensional top view of array directivity at an azimuth
angle of 90◦ and an elevation of 0◦ operating at a frequency of 73 Ghz is
shown, demonstrating that the beams are divided between users. The yellow color
corresponds to 24,41 dBi with a combination of 150 antennas, directivity the
assisted users is situated.

Fig. 2 Narrow beam width power
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Array Characteristics
24.41 dBi at 90 Az; 0 El
Array Directivity:
x=2 m y=1.99 m z=18.49 mm
Array Span:
Number of Elements: 300
Fig. 3 Pattern power in 3D
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Fig. 4 Directivity pattern

Figure 4 shows a three-dimensional directivity pattern for 73 Ghz at an elevation
angle of 0◦ and an azimuth angle of 90◦ when the maximum power is confined at 0◦
elevation.
Table 1 Array characteristics
Array directivity
Array span
Number of elements

24.41 dBi at 90◦ azimuth angle, 0◦ elevation
x = 2 m, y = 1.99 m, z = 18.49 mm
300

Table 1 shows the array directivity, array span, and the number of deployed
antennas for our described topology.
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Fig. 5 Azimuth cut elevation angle

Figure 5 displays a cutter section of the overall directivity pattern at a 90◦ azimuth
angle and a 0◦ elevation angle.

Fig. 6 Elevation cut angle

Figure 6 uses the proposed system antenna, as given in the design. The excitation
coefficients, arrangement between elements, magnitude and phase, and angular
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separations were used to obtain the desired pattern in order to maximize directivity,
annulated side lobe, pattern shaping, and pattern nulling.

Fig. 7 Elevation cut Azimuth angle

Figure 7 presents a section elevation cut of the global directivity plan for
an azimuth angle of 0◦ . The main user is served at a 0◦ azimuth angle. The
maximum received power is confined to the target point to deal with cylindrical
space coordinates.
Figure 8 illustrates an attached lamp posts prototype of the designed cylindrical
antenna array.

Improved Massive MIMO Cylindrical Adaptive Antenna Array
Fig. 8 Example of small
cells on lamp posts

Fig. 9 Cylindrical antenna
array dimensions

The cylindrical properties for 73 GHz (Fig. 9) are as follows:
F = 73 GHz
λ = 4 x 10−3 m = 4 mm
d = λ/2 = 2 x 10−3 m = 2 mm
C = 30 antennas
R = 3 cm
D = 15×4 = 60 mm = 6 cm
H = 10×4 mm = 4 cm (10 antennas)
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Table 2 Summary of MATLAB values
F = 73 GHz 300 antennas (massive MIMO)
ϕ (azimuth): (−180◦ to + 180◦ )
0
θ (elevation): (−90◦ to 90◦ )
0
Pr [dBi]
24.57

30
15
24.76

60
30
24.78

90
45
24.93

120
60
24.87

180
90
24.11

Table 2 shows the numerical simulation values from MATLAB. Depending on
the user placement, the three-dimensional cylindrical antenna array satisfied users’
demand with maximal power of 24 dBi because of the considerable number of
adaptive antenna elements. Thus, the beams are far more directive and narrow:
P (r, θ , ϕ).
An antenna matrix in the base station (2 × 2,3 × 3,4 × 4 . . . ) blades the
power only to a demanding user. In this way, the power is optimized because only
demanding users are served. Subsequently, the service prices decrease for both
parties—operators and customers—and electromagnetic pollution is decreased.

3 Conclusion
This chapter explored the problem of migration from 4G networks to 5G networks.
Cylindrical antenna arrays that produce narrow beams with high directivity and
insignificant side lobes were designed as a first proposed solution. We were able
to obtain the desired cell patterns so that the beam can scan the entire threedimensional space, resulting in a bandwidth greater than 10 Gbps and implicitly
a high bandwidth at the end of the deployment of the 73 GHz frequency. This
frequency uses a millimeter wavelength and subsequently small cells, which reduces
power consumption because of the adaptive network antenna.
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Mulitifractal Analysis with Lacunarity
for Microcalcification Segmentation
Ines Slim, Hanen Bettaieb, Asma Ben Abdallah, Imen Bhouri,
and Mohamed Hedi Bedoui

Abstract The aim of this study is the microcalcification segmentation in digital
mammograms. We propose two different methods which are based on the combination of the multifractal analysis with, respectively, the fractal analysis and then with
the lacunarity. Our approach consists of two steps. On the first stage, we created
the “α_image.” This image was constructed by singularity coefficient deduced from
multifractal spectrum of the original image. On the second stage, in order to enhance
the visualization of microcalcifications, we create the “f(α)_image” based on global
regularity measure of “α_image.” Two different techniques are used: the box counting (BC) used to calculate fractal dimension and the gliding box method used to
measure lacunarity. These techniques were applied in order to compare results. Our
proposed approaches were tested on mammograms from “MiniMIAS database.”
Results demonstrate that microcalcifications were successfully segmented.
Keywords Multifractal · Fractal · Lacunarity · Microcalcifications ·
Segmentation

1 Introduction
Breast cancer is considered one of the leading causes of death among women
[1]. In 2017, the death rate was about 5% in the United States. This rate can
be significantly reduced if there is early detection of this disease at an advanced
stage, as confirmed by clinical studies [2]. The first signs of the breast cancer
are microcalcifications (MC), which are small deposits of calcium in the breast
tissue. MCs are characterized by their irregular shapes and small sizes. They are
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approximately nodular, elliptical, or globular and vary in size from 0.1 to 1 mm
[2, 3]. Mammography is currently the best method for the detection of anomalies.
Furthermore, microcalcifications frequently appear with a local contrast. This
contrast is often low and varies according to the breast tissue type. Therefore, these
clusters should be detected to establish a correct diagnosis. There are mainly two
types of breast tissues: fatty and dense tissues, which vary according to their breast
density [4]. They are also characterized by several physical properties and various
distributions of the gray level. Such diversity produces different complexity degrees
when detecting microcalcification in mammograms, especially in the case of dense
tissue. For these reasons, microcalcification detection is not easy even for trained
radiologists, and they may go undetected.
Hence, a computer-assisted interpretation arises in this context as an approach
to reduce the human subjectivity interpretation. On the other hand, it improves the
specificity and offers the possibility of reducing the time required for the analysis
of a mammogram [5]. In recent years, numerous automatic and semiautomatic
techniques have been proposed for the detection of breast cancer, such as the
segmentation and the classification [6].
The fractal theory and the human tissue are related since both of them can
be characterized by a high degree of self-similarity. When self-similar objects
are evaluated, the irregularities are then considered as structural deviations of the
background [7, 8]. The authors of [9–11] relied on fractal analysis for the study of
mammograms in order to detect microcalcifications. In general, they were using
the box counting (BC) method. In [12], A. Penn et al. have shown that almost
two-thirds of cancers (66%) cannot be studied in terms of the fractal dimension.
A potential problem with fractal analysis is that distinct fractal sets may share the
same fractal dimensions [13]. The lacunarity measure is an analytical description
of the distribution inhomogeneity in an object. In fact, there are different fractal
sets that present the same fractal dimension, but it has different lacunarities.
Indeed, lacunarity characterizes the spatial organization of the components in an
image, which are useful in the tumor representation in an internal structure. From
the anatomical point of view, the lacunarity allows us to estimate the spatial
heterogeneity of lesions when the complexity of the object given by the fractal
dimension is not sufficient [13]. The studies of Guo et al. [14] and Dobrescu et al.
[15] were based on the use of fractal analysis and lacunarity for the classification of
mammograms: benign and malignant breast cancers. In 2009, Serrano et al. [16]
used the lacunarity measure to differentiate between normal mammograms and
those with cancer. Lacunarity was an effective measure for analyzing the texture
of mammograms.
However, multifractal analysis introduces a more advanced approach that allows
a deeper exploration of this theory for medical image analysis. Multifractal analysis
provides a spectrum of singularities characterizing the irregularities in the image.
This can provide more information about the image in relation to the single fractal
dimension [17]. Multifractal analysis is a tool that has been used for the description
of complex forms and medical images, particularly for mammography analysis and
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breast cancer detection [18–20]. In 2013, Soares et al. [11] propose a multifractal
3D analysis based on lacunarity to study mammograms and discriminate between
benign and malignant cases.
The aim of this work is to establish a new approach of multifractal estimation
based on the q-structure functions denoted Sq, as a partition function, for microcalcifications segmentation. The q-structure functions make it possible to analyze
the irregularity of the objects. It consists on starts by the creation of an image
denoted “α_image” from the coefficients of the local regularity deduced from the
multifractal spectrum of the original image. Then build a second image denoted
“f (α) _image” obtained by measuring the overall regularity of “α_image” by two
different methods. The counting box (BC) method is used for the fractal dimension
calculation and the gliding box method for the estimation of the lacunarity. In
this study, the multifractal analysis is based on the computation of the multifractal
spectrum, based on the q-structure functions [21, 22]. The calculated multifractal
spectrum makes it possible to evaluate the singularities of each pixel in an image
from which it can be used to extract abnormalities (microcalcifications) from the
background tissue (normal tissue) [23–25].
This paper is organized as follows: in Sect. 2, the method for the calculation of the
multifractal spectrum based on the q-structure functions is presented. Then, the two
approaches for the fractal dimension and the lacunarity calculation are explained
in Sects. 3 and 4. The proposed segmentation approach will be detailed in Sect.
5. In Sect. 6, the results will be presented. Finally, a conclusion highlights our
contribution and exposes our perspectives.

2 Multifractal Analysis Based on the Q-Structure Functions
Our approach uses the multifractal spectrum based on the q-structure functions
[22] as a partition function. Q-structure functions are a classic tool to analyze the
irregularity of an object and to study the variation of the gray level along a set
of points (pixels) of an image for different scales ε, for q moments. Multifractal
analysis can be considered as an extension of fractal analysis.
The discrete q-structure functions are given as follows:




1
|f (t + ε) − f (t)|q

Sq (ε) = ε ×

q
,

si q = 0

(1)

t

|f (t + ε) − f (t)| ,

S0 (ε) = ε ×

si q = 0

(1 )

t

where t is the position of a pixel and f (t) is the gray level of the pixel t. q is the
moment and ε is the scale of measurement. The partition function is defined by
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τN (q) = −

log



t |f

(t + ε) − f (t)|q
log (ε)


(2)

with ε = 2–N
τ (q) = lim τN (q)
N →∝

(3)

The multifractal spectrum f∗ is given as
f ∗ (α(q)) = α(q) × q − τ (q), q ∈ R

(4)

with
α(q) = lim

αN (q)

N →∝ log (ε)

(5)

and
αN (q) =

dτN (q)
dq

(6)

α(q) is defined as the singularity coefficient.

3 Fractal Analysis: Box Counting (BC) Method
This method was defined by Russel et al. [26]; it consists in the beginning on
covering a binary image with a regular mesh of steps and then determining the
number of boxes N covering the image which are not empty (boxes containing at
least one pixel at 1). The fractal dimension (Df) is thus given by

Df = lim

ε→0

Log (N (ε))
Log (1/ε)

(7)

This method is the most frequently used; it is relatively simple and easy to
develop. The box method has often been used for the study of mammograms
[9–11].

4 Lacunarity Measurement: Gliding Box Method
The fractal dimension allows characterizing the growth rate of the texture details
according to a scale of measurement. The lacunarity will permit to follow the
distribution of the empty zone sizes and the multi-scale variation of the images.
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There are several algorithms to measure the lacunarity of a set. The most practical
method is the “gliding box” method [27]. It enables to measure the lacunarity of
two-dimensional binary sets. The principle of this method is to drag a box of size
r × r along the image and to determine the variance of the mass M of this box for
different values of r. The mass M is defined, in this case, by the number of white
pixels in a box. In 2009, Serrano et al. [16] used the calculation of the lacunarity
with the gliding box method to differentiate between normal mammograms and
those with cancer.
Fractal analysis and lacunarity are easy tools to be developed, but it doesn’t take
into account the diversity of local behaviors; for these reasons we have combined
them with the multifractal spectrum.

5 Proposed Approach
The aim of this work is to extract microcalcifications from mammograms. In a first
step, the coefficients of the local regularity deduced from the multifractal spectrum
based on the q-structure functions were used to create the “α_image.” In a second
step, the “f (α) _image” based on the measure of the global regularity, denoted by
“f_df (α),” was constructed. In order to compare the results, the global regularity is
calculated by two methods: “BC” and “gliding box.”

5.1 The “α_image” Construction
First, it starts by the selection of a square region of interest IM sized (M, M) from
the mammogram. It is then divided into overlapping windows sized (ε × ε) with ε
∈ [2, M/2]. After that, the multifractal spectrum is calculated for each window, and
the gray level of each pixel IM (i, j) is replaced by the corresponding singularity
coefficient α (i, j). As a result, a new grayscale image, denoted “α-image” of the
same size (M, M), is obtained. In this work, the multifractal spectrum is calculated
for q∈ [−20, 20]. The “α-image” obtained is a noisy image which degrades the
visualization of microcalcifications. To overcome this problem and improve the
visualization and the extraction of these last, the “f (α) _image” is constructed.

5.2 The “f(α)_image” Construction
In “α_image,” there is usually a set of pixels having the same value of the coefficient
α, denoted α k , k = 1. . K, where K is the number of different values of α. In order to
improve the visualization of the microcalcifications, the global distribution of this
quantity is calculated and was proposed. In this work, two different methods were
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used to calculate the quantity “f _ df (α k )” for k = 1. . K, which are the method of the
fractal dimension calculation, “BC,” and the lacunarity measure, “gliding box.” For
each singularity coefficient α k , the quantity “f_df (α k )” which will be assigned to
all the pixels having the value α k was calculated in order to create a new gray-level
image denoted by “f (α) _image” and size (M × M).

6 Results
The proposed approach was applied to reference mammograms of the “MiniMIAS
database” [28]. These images are in grayscale size 1024 × 1204 pixels with a
resolution of 200 μm. These mammograms are analyzed by experts. Thus, the
anomalies detected are characterized by their location and their type. For a better
visualization, the ROIs containing microcalcifications according to the experts were
selected. These ROIs are sized 128 × 128 pixels. Both proposed approaches were
tested on mammograms. In the following paragraphs, the result obtained on two
images whose difficulty of visualization of the anomalies is different according to
the radiologists was presented.

6.1 Simple Case “mdb219.pgm”
Figure 1a shows a mammogram mdb219.pgm from the “MiniMIAS database”
[28]; the microcalcifications are surrounded by a red circle. The ROI containing
the microcalcifications is shown in Fig. 1b. This case is considered to be an easy
example as microcalcifications are visible. Figure 1c shows the “α_image.” Figure
1d and 1e presents, respectively, the “f (α) _image” with the “BC” method and with
the “gliding box” method.

6.2 Hard Case “mdb253.pgm”
Figure 2a shows a mammogram “mdb253.pgm” from “MiniMIAS database” [28].
The microcalcifications detected by the experts are surrounded by a red circle.
The ROI containing the microcalcifications is shown in Fig. 2b. In this example
the breast tissue is very dense which causes a low contrast between the microcalcifications and the surrounding tissue background. Indeed, visual detection of
abnormalities is very difficult even for an experienced radiologist. Figure 2c shows
the “α_image.” Figure 2d and 2e presents, respectively, the “f (α) _image” with the
“BC” method and with the “gliding box” method.
The “α_image” and the “f (α) _image” obtained with the “BC” method are
two speckled images which degrade the visualization of microcalcifications. The

Fig. 1 (a). Original Mammogram mdb219.pgm, (b). ROI with microcalcifications, (c).
“α_image,” (d). “f (α)_image“ with BC method, and (e). “f (α)_image” with gliding box method

Fig. 2 (a). Original Mammogram mdb253.pgm, (b). ROI with microcalcifications, (c).
“α_image,” (d). “f (α)_image” with BC method, and (e). “f (α)_image” with gliding box method
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coupling with the “BC” method has allowed improving the visualization these
anomalies, but it requires a posttreatment to segment the microcalcifications. On
the other hand, the “f (α) _image” obtained with the “gliding box” method is an
image containing only light (grayish) spots which are possible microcalcifications
according to the experts. It is concluded that the approach based on lacunarity
allowed the microcalcifications to be automatically segmented.

7 Conclusion
In this paper, two different approaches were proposed. The first is based on the
combination of multifractal analysis with fractal analysis, and the second is based
on the combination of multifractal analysis with lacunarity. The “α_image” deduced
from the multifractal spectrum based on the q-structure functions was constructed.
In order to improve the extraction of microcalcifications, the “f (α) _image” was
generated by two different techniques: the fractal dimension (BC) calculation
and the lacunarity measure (gliding box). The results show that the coupling of
lacunarity with our multifractal approach based on q-structure functions gives
satisfactory results. Indeed, it allowed to study the irregularity in the mammograms
and to extract in an automatic way microcalcifications which are with very small
sizes and difficult to see with the naked eye. The proposed approaches were
applied on 26 images and permit to extract the microcalcifications from different
types of tissues. According to experts this tool has given good results. As a
perspective, we propose to automatically detect the regions of interest containing
the microcalcifications and to establish an evaluation criterion for our segmentation
method.
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Consolidated Clinical Document
Architecture: Analysis and Evaluation
to Support the Interoperability
of Tunisian Health Systems
Dhafer Ben Ali, Itebeddine Ghorbel, Nebras Gharbi, Kais Belhaj Hmida,
Faiez Gargouri, and Lotfi Chaari

Abstract Clinical Document Architecture (CDA) (Dolin RH, Alschuler, L, Beebe
C, Biron PV, Boyer SL, Essin D, Kimber E, Lincoln T, Mattison JE JAMIA
8:552–569, 2001) is the base standard for the exchange of electronic clinical
documents. CDA provides a common architecture, coding, semantic framework,
and markup language to support the exchange of structured data component.
The main purpose of CDA is to promote interoperability and to help healthcare
institutions share data in a meaningful way. However, working with the base
standard resulted in different possible implementations and document definitions
for the same purpose, which led to interoperability issues. Consolidated Clinical Document Architecture (C-CDA) (https://www.hl7.org/implement/standards/
product_brief.cfm?product_id=258. Accessed 20 July 2018), an implementation
guide designed for the US realm, aims to solve these problems by reducing the
standard’s ambiguity and inconsistencies. This paper presents C-CDA and discusses
possible contribution of the Continuity of Care Document (CCD) (INTERNATIONAL, H.L.S.: ‘HL7 Implementation Guide for CDA Release 2:Consolidated
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CDA Templates for Clinical Notes (US Realm) Volume 2—Templates and Supporting Material’, in Editor (Ed.)ˆ(Eds.): ‘Book HL7 Implementation Guide for CDA
Release 2:Consolidated CDA Templates for Clinical Notes (US Realm) Volume 2—
Templates and Supporting Material’ (HL7 INTERNATIONAL, 2018, edn.), pp 929)
to enhance Tunisian health system interoperability.
Keywords CDA · C-CDA · CCD · Interoperability · HL7

1 Introduction
Health Level Seven (HL7) [4] developed first release of CDA standard (CDA
R1) in 2000 and second release (CDA R2) in 2005. ISO adopted CDA Release
2 as one of its standards in 2009. The most influential Standards Developing
Organizations (SDO) in the United States such as HL7, Healthcare Information
Technology Standards Panel (HITSP) [5], or Integrating the Healthcare Enterprise
(IHE) [6], in addition to other organizations around the world, started producing
implementation guides for CDA even before HL7 published CDA R2.0. Hundreds
of implementation guides [7] were produced, and each brought its set of defined
templates produced to satisfy specific requirements and expectations. The lack of
coordination between main SDOs and the race to dominate the market resulted
in a huge number of conflicting and intermingling templates that undermined the
interoperability promised by the standard. There was a need for a single source of
truth for implementing the most commonly used document types. This has been
remedied by harmonizing and consolidating frequently used templates into a single
implementation guide known as C-CDA [8]. From the early beginning, C-CDA
was closely linked to the US government project for promoting and expanding
the adoption of health information technology and to the Health Information
Technology for Economic and Clinical Health (HITECH) act [9].
This paper is organized as follows. Section 1 introduces CDA as well as
the economic and legislative framework that has led to the development of the
consolidation project. Section 2 describes C-CDA with a focus on CCD. Section
3 discusses the possibility of using CCD and C-CDA in Tunisia. Finally, Sect. 4
concludes the paper with findings and some indications for future works.

2 Background and Significance
2.1 CDA
CDA is a standard produced by HL7 to exchange clinical documents. It is based
upon HL7 version 3 data types and Reference Information Model (RIM). A CDA
document is a defined and complete information object encoded in Extensible
Markup Language (XML) that conforms to a set of characteristics. It must be
preserved and interpreted in the same manner for a period defined by regulations
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(persistence) under the responsibility of an organization or a person considered as
such (stewardship). It tells a clinical story (context), which must be comprehensible
without resorting to other resources (wholeness). A clinician that assumes legal
responsibility of exactitude and accuracy of its content signs a CDA document
(potential for authentication), and any person can easily read it after being rendered
and displayed (human readability) [1]. A CDA document is composed of a header
that sets the context of the document and contains management information and a
body representing the clinical records [10]. The CDA header contains information
that helps securing content and classifying the document. The CDA body can
contain text, images, sounds, or any multimedia content. Depending on the nature of
the shared clinical data, CDA document can be of type non-XML body or structured
XML body.

2.2 CDA Templates
Constraining CDA documents is a way to improve their consistency and their
semantic interoperability by imposing a collection of rules on exchanged data. A
template represents a formal definition of a set of constraints on a model used to
match specific use cases and particular purposes, like giving information about a
patient’s allergies and intolerances or representing a patient’s care plan. Templates
are defined at various levels and constrain fields either for an entire CDA document
at the document level or cover a portion of the document at the header, the
section, or the entry level. Section-level templates define containment relationships
to CDA entries, while entry-level templates constrain clinical statement models
in accordance with real-world observations and acts [11]. Templates are reusable
across any number of CDA document types. Use of open ones allows inheritance
and offers a way to incremental interoperability [12].

2.3 Health Information Technology for Economic and Clinical
Health (HITECH) Act
HITECH enacted in 2009 as part of the American Recovery and Reinvestment Act.
It is legislation created to stimulate the adoption of electronic health records (EHR)
and the supporting technology in the United States [13]. Congress mandated the
Office of the National Coordinator (ONC), an entity within the US Department
of Health and Human Services, with the authority to manage and set standards
for the stimulus program in a joint effort with the Centers for Medicare and
Medicaid Services (CMS). HITECH Act grants an incentive payment to eligible
professionals or hospitals, who want to demonstrate their engagement in efforts
to adopt, implement, or upgrade certified EHR technology by participating in the
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Medicare or Medicaid Electronic Health Record Incentive Program. Medicaid is
a state and federal health insurance program that provides health coverage for
those with a very low income, and Medicare is a federal program that provides
health insurance for Americans aged 65 and older or to younger people with some
disability status [14]. Participation is voluntary; however, if eligible professionals or
hospitals fail to join in by 2015, there will be negative adjustments to their Medicare
fees starting at 1% reduction and escalating to 3% reduction by 2017 and beyond.

2.4 Meaningful Use
To qualify for an incentive payment, eligible professionals have to conform to a set
of objectives, programs, and certification criteria defined by ONC as meaningful use
(MU) [15]. MU determines minimum US government standards for using electronic
health records (EHR) for exchanging patient clinical data:
– Between healthcare providers
– Between healthcare providers and insurers
– Between healthcare providers and patients
Within (MU), providers have to adopt an EHR in ways that can be measured
significantly in quality. Their EHR also have to meet a number of objectives
designed to have a positive impact on patient care. In order to encourage widespread
EHR adoption, promote innovation, and avoid imposing an excessive burden on
healthcare providers, CMS and ONC presented meaningful use in a phased approach
divided into three stages:
– Stage 1, which began in 2010, focused on promoting the adoption of EHRs.
– Stage 2, finalized in late 2012, increases thresholds of criteria compliance and
introduces more clinical decision support, care-coordination requirements, and
rudimentary patient engagement rules.
– Stage 3 focuses on robust health information exchange as well as other more
fully formed meaningful use guidelines introduced in earlier stages.
Joint efforts of HL7 and ONC led to the development of the first implementation
guide release (C-CDA R1.1). It included all required CDA templates in final rules
for Stage 1 meaningful use. The 2014 edition of the US government EHR incentive
programs called out the use of C-CDA as the primary document standard for
interoperability [16].

3 Consolidated Clinical Document Architecture (C-CDA)
During the last decade, C-CDA has emerged as one of the best-delivered and most
widely used implementation guides for the CDA standard. C-CDA concretizes
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Table 1 Summary of
changes made in C-CDA
R2.0 in comparison with R1.1

Table 2 Summary of
changes made in C-CDA
R2.1 in comparison with R2.0

Document level
Section level
Entry level

Templates
Added
4(3 + 1)
11
27

Revised
9
43
55

Document level
Section level
Entry level
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Deprecated

Retired

3
5

2

Revised/added template
13
28
29

the efforts provided by HL7, IHE, and HITSP by proposing a definitive set of
harmonized CDA templates for the US realm that covers a significant scope of
clinical care. C-CDA R1.1 is mainly defined by the content of the eight health story
guides [17] and CCD [2]. HL7 developed this release within the ONC’s Standards
and Interoperability (S&I) Framework.
C-CDA R2.0 was released on November 2014. Table 1 depicts changes made
toward the previous version at various template levels. It shows that all document
types in addition to more than half of section-level and entry-level templates have
undergone revision (108 templates marked with V2). C-CDA R2.0 also brings three
new document types for greater expressivity (care plan, referral note, and transfer
summary) in addition to one new header template.
C-CDA R2.1 released on August 2015 is also a Draft Standard for Trial Use
(DSTU). It aimed at bringing backward compatibility “on the wire” with R1.1
systems by updating C-CDA R2.0. This will enable implementers to produce
documents understandable by systems made initially to only support Release 1.1
specification.
Table 2 summarizes changes in C-CDA R2.1 compared to C-CDA R2.0. As
mentioned below, no templates were retired or deprecated.

3.1 C-CDA Timeline
Figure 1 describes the C-CDA timeline and shows that C-CDA releases and technical errata’s publications speed accelerated in the last 3 years. This is essentially due
to the growing adoption of MU by eligible hospitals and professionals to avoid the
negative payment adjustment.
HL7 has dedicated workgroup to specific areas of interest. Structured Documents
workgroup and CDA Management Group are the main ones responsible for CDA.
Many external stakeholders are involved in the definition of different releases
of C-CDA, for example, IHE and ONC for C-CDA R1.1, the SMART C-CDA
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Fig. 1 C-CDA development timeline

Collaborative with C-CDA R2.0, and the Department of Defense DoD within
C-CDA R2.1. Stakeholder’s diversity shows a common will to enhance C-CDA
coherence and consistency.

3.2 Compatibility Principles
C-CDA R2.0 brought many modifications to the previous version by adding or
retiring templates. Software developed at the time of C-CDA R1.1 were unable to
handle these changes, which led to incompatibilities between documents resulting
from different releases. In the other way, it is permissible to use templates released
first at part of C-CDA R2.0 if not prohibited by R1.1 specifications. C-CDA R2.1
modified constraint on various templates originally contained by C-CDA R2.0.
New versioned templates provided compatibility for software that supports C-CDA
R1.1 templates [18]. Removed constraints in R2.0 have been added back in R2.1,
and relaxed constraints in R2.0 were strengthened in the last release in case of
compatibility’s assertion.

3.3 Continuity of Care Document (CCD)
CCD is part of C-CDA document templates. It is a set of information that gives
an understanding of a patient care event at a particular time. More specifically,
CCD serves to exchange the patient’s most relevant and pertinent administrative,
demographic, and clinical information data. HL7 collaborated with ASTM [19]
to release Continuity of Care Document implementation guide as a combination
between ASTM’s Continuity of Care Record [20] and CDA specification. This
served afterward as a base to CCD contained in C-CDA implementation guide.
Figure 2 shows the mandatory and optional section-level templates likely to
compose a CCD. Besides conforming to the base CDA schema (cda.xsd) as well
as any CDA document, CCD should also validate against appropriate Schematron.
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Fig. 2 Overview of CCD’s mandatory and optional template level sections in C-CDA R2.1:
required templates are in green, and optional ones are in gray

4 Discussion
C-CDA R2.1 defines 12 CDA documents considered as the most common types
of electronic healthcare documents in the United States. We have chosen to focus
on CCD because we believe it is the most relevant use case for the need of the
Tunisian health system. Our primary concern in Tunisia would be to exchange
the patient’s most relevant administrative and clinical information electronically
between healthcare providers to improve the quality of care we offer. Implementing
CCD can save us time and efforts and can satisfy this need. In addition, with six
mandatory sections, CCD is one of the most restricted document types within CCDA R2.1. Taking into account that other document types such as Diagnostic
Imaging Report contains only one mandatory section, we consider that CCD is quite
mature and that its specifications are at an advanced level.
In order to determine if CCD, as defined by C-CDAR2.1, is ready to be
implemented in Tunisia, we considered some mandatory constraints located at the
header and at the body level of a CCD document. Constraints below are from one
mandatory section, the US Realm Header (V3) Template [3].
CONF: 1198-9992: This code SHALL specify the particular kind of document
CONF: 1198-32948: This code SHALL be drawn from the LOINC document
type ontology
CONF: 1198-5259: SHALL contain exactly one [1..1] confidentialityCode
which SHOULD be selected from ValueSet HL7 BasicConfidentialityKind
urn: oid: 2.16.840.1.113883.1.11.16926 STATIC
Table 3 is a transcription of a fragment of a valid CCD document so that each
of the selected constraints matches the value used to satisfy it. CONFORMANCE
1198-9992 and 1198-32948 make use of LOINC [21] to indicate the document
type (34133-9 stands for CCD), and CONFORMANCE 1198-5259 make use of
HL7 BasicConfidentialityKind, a value set of HL7 Code indicating the level of
confidentiality of an act varying from normal (“N”) to very restricted “V.”
Figure 3a represents a fragment of code from a CCD document. It shows that an
observation within problem observation section in CCD is expressed using codes
from SNOMED-CT [23] and International Classification of Diseases [24].
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Table 3 Match between constraints and values for C-CDA sample from Clinical Notes R1
Companion Guide, R1 [22]
Attribute
Code
Confidentiality code

Constraint
CONF:1198-9992
CONF:1198-32948
CONF:1198-5259

Value
code = “34,133-9”
codeSystem = “2.16.840.1.113883.6.1”
code = “N”

<value code="396275006" codeSystem="2.16.840.1.113883.6.96" codeSystemName="SNOMED CT" displayName="Osteoarthritis" xsi:type="CD" xmlns:xsi="http://www.w3.org/2001/XMLSchema-instance">
<translation code="715.90" codeSystem="2.16.840.1.113883.6.103" codeSystemName="ICD-9-CM"
displayName="Osteoarthritis"/>
<translation code="M19.90" codeSystem="2.16.840.1.113883.6.90" codeSystemName="ICD-10-CM"
displayName="Osteoarthritis"/> </ value >

Fig. 3a Fragment of problem observation section within sample CCD document From C-CDA
templates for clinical notes R1 companion guide, Release 1 [22]

Fig. 3b Constraints and section containment within sample CCD document From C-CDA
templates for clinical notes R1 companion guide, Release 1 [22]

As mentioned above, CCD contains contents from various clinically specific
vocabularies such as LOINC or SNOMED-CT in addition to specific value sets
from HL7. However, the Tunisian health system does not make use of these clinical
terminologies. This constitutes an impediment to the implementation of CCD in
Tunisia.
Figure 3b shows another aspect of CCD. The code in Fig. 3a is used to
satisfy CONFORMANCE: 1198-32,950 nested within CONFORMANCE: 11989045. These conformances are part of Problem Observation (V3), a required section
that is nested within required Problem Concern Act (V3) section itself nested
within Problem Section (entries required) (V3). This shows the complexity of the
containment relationship in CCD. We start from a mandatory section for a CCD
document nonetheless; we end up validating constraints five levels lower. CCD and
C-CDA are a bit complex and require a deep knowledge of the CDA standard.

5 Conclusion
C-CDA is based on a robust economic and legislative model. Even though it is a bit
complex, it is promising especially that a large community is working to improve
it. Use of C-CDA could help improve care quality and efficiency in Tunisia. This
paper introduces C-CDA and presents preliminary findings based on a study of
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CCD document type. One of the main challenges of CCD standard adoption in the
Tunisian context is the use of clinical terminologies.
In future works, we will explore more aspects of C-CDA in order to ensure
interoperability of Tunisian healthcare systems.
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Bayesian Compressed Sensing for IoT:
Application to EEG Recording
Itebeddine Ghorbel, Walma Gharbi, Lotfi Chaari, and Amel Benazza

Abstract Internet of Things (IoT) is a hot research topic since several years. IoT
has gained a large interest in many application fields such as digital health, smart
agriculture or industry. The main focus of the IoT community remains the design
of appropriate applications and performant connected objects. In this paper, we
address this topic from a signal processing viewpoint. We propose a model to perfom
compressed sensing with connected objects where energy and communication
constraints araise. The proposed model is formulated in a Bayesian framework and
promising results demonstrate its potential in application to EEG signal recording
from a connected MindWave device.
Keywords IoT · Compressed sensing · Biomedical signal processing

1 Introduction
Internet of Things (IoT) is gaining a more and more interest in the information and
communication technologies (ICT) field. Indeed, connected objects are becoming
easily available in the market, even with open source programming interfaces, which
makes the task easier for researchers and engineers to develop original applications.
This has been the case in agriculture [10], energy [3] or in healthcare [11]. Recently,
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the signal processing issue behind IoT is gaining an increasing interest among the
signal processing community [1, 6]. In this sense, the sensors generally perform
standard Shannon sampling. However, a full sampling of the target signal may
lead to autonomy constraints for the embedded sensors [8]. A compression and
computational cost issue may also be raised from a network [7]. To solve this issue,
recent works have been focused on using compressed sensing (CS) techniques [7, 8]
to reduce the number of sampled coefficient and reconstruct the target signal using
its sparsity properties as stated by the CS theory [4]. To the best of our knowledge,
these works rely on variational resolution schemes to recover the target signal, which
needs to set some hyperparameters of the problem either manually of using some
estimation method. In this paper, we propose a fully automatic method for CS signal
recovery. The proposed method is designed in a Bayesian framework, and both the
signal and hyperparameters are estimated from the randomly sub-sampled data at
the acquisition.
The rest of this paper is organized as follows. Section 2 details our problem
formulation. The proposed Bayesian CS method is then presented in Sect. 3 and
validated in Sect. 4 on both synthetic and real datasets. Finally, conclusions and
future work are drawn in Sect. 5.

2 Problem Formulation
Let x ∈ RM be the target signal. The measured signal y ∈ RN is the observation
through a linear operator H. Accounting for an additive acquisition noise n, the
observation model can be written as
y = H(x) + n.

(1)

In accordance with the CS literature [4], we assume that the target signal x is
sparse in some transform space, such as the wavelet one. Denoting F the forward
wavelet operator, and assuming that H is nothing but the random sub-sampling
operator represented by the matrix H ∈ RN ×M , the observation model in (2) can be
reformulated as
y = H F ∗ζ + n

(2)

where ζ = F x denotes the wavelet coefficients vector and F ∗ is the adjoint
wavelet operator. Our main objective will be to estimate the target signal x based
on the observation y and some knowledge about the noise statistics. In this paper,
a Bayesian framework is adopted to solve the underlying problem. In what follows,
the adopted hierarchical Bayesian model is detailed with the designed inference
scheme.
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3 Bayesian Compressed Sensing
In this Section, the built hierarchical Bayesian model is detailed through the adopted
likelihood, priors and hyperpriors.

3.1 Hierarchical Bayesian Model
3.1.1

Likelihood

Under the assumption of additive Gaussian noise of variance σn2 , the likelihood can
be expressed as follows (||.|| denotes the Euclidean norm):

f (y|x, σn2 ) =

3.1.2

1
2π σn2

P /2

 ||y − H F ∗ ζ ||2 
.
exp −
2σn2

(3)

Priors

In our model, the unknown parameter vector to be estimated is denoted by θ =
{ζ , σn2 }.
Prior for ζ
In order to promote the sparsity of the target signal, a Laplace distribution is
adopted as a prior for every wavelet coefficient ζi (i = 1, . . . , M), given by

|ζi |
1
exp −
f (ζi |λ) =
2λ
λ

(4)

where λ > 0 is the parameter of the Laplace distribution. Assuming that the wavelet
coefficients ζi are a priori independent, the prior distribution of ζ writes
f (ζ |ω, λ) =

M


f (ζi |ω, λ).

(5)

i=1

Prior for σn2
To guarantee the positivity of σn2 and keep this prior non-informative, we use
here a Jeffrey’s prior defined as:
f (σn2 ) ∝

1
1R+ (σn2 )
σn2

(6)
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where 1R+ is the indicator function on R+ , i.e., 1R+ (ξ ) = 1 if ξ ∈ R+ and 0
otherwise. Motivations for using this kind of prior for the noise variance can be
found in standard textbooks on Bayesian inference such as [9].
Hyperprior for λ
Since λ is real positive, a conjugate inverse-gamma (IG) distribution has been
used as a hyper-prior:
f (λ|α, β) = IG(λ|α, β) =


β α −α−1
β
λ
exp −
Γ (α)
λ

(7)

where Γ (.) is the gamma function, and α and β are hyperparameters to be fixed (in
our experiments these hyperparameters have been set to α = β = 10−3 ).

3.2 Bayesian Inference Scheme
We adopt a maximum a posteriori (MAP) strategy in order to estimate the model
parameters and hyperparameters. The joint posterior distribution of {θ, λ} can be
expressed as
f (θ, λ|y, α, β) ∝ f (y|θ )f (θ |λ)f (λ|α, β).

(8)

We propose here to use a Gibbs algorithm [9] that iteratively samples according to
the conditional posteriors f (ζ |y, λ, σn2 ), f (σn2 |y, ζ ) and f (λ|ζ , α, β).
3.2.1

Sampling According to f (σ2n |y, ζ)

Straightforward calculations combining the likelihood and the prior distribution of
σn2 lead to the following posterior:


σn2 |ζ , y ∼ IG σn2 |N/2, ||y − H F ∗ ζ ||2 /2

(9)

which is easy to sample.

3.2.2

Sampling According to f (λ|ζ, α, β)

Calculations lead to the following posterior which is also simple to sample

λ|ζ , α, β ∼ IG λ|α + M, β +

M
i=1


|ζi | .

(10)
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Algorithm 1: Proposed Bayesian CS algorithm
- Initialize with some ζ (0) ;
for r = 1, . . . , S do
- Sample σn2 according to Eq. (9);
- Sample λ according to Eq. (10);
for i = 1 to M do
- Sample ζi according to Eq. (11);
end
end

3.2.3

Sampling According to f (ζ|y, ω, λ, σ2n )

We can easily derive the posterior distribution of each wavelet coefficient ζi
conditionally to the rest of the signal. Straightforward computations lead to lead
to the following form of this posterior
2
− −
2
f (ζi |y, ζ −i , λ) = ω1,i N + (μ+
i , σi ) + ω2,i N (μi , σi )

(11)

where N + and N − denote the truncated Gaussian distributions on R+ and R− ,
respectively. Details about ω1,i , ω2,i , and sampling from (11) can be found in [2].
The steps of the proposed sampling algorithm are summarized in Algorithm 1.
After convergence, the proposed algorithm ends up with sampled sequences
that will be used to compute the minimum mean square error (MMSE) estimator
of the unknown parameter vector, allowing us to compute the estimated wavelet
2 and 
coefficients vector 
ζ , and thus the signal 
x = F ∗
ζ , in addition to σ
λ.
n

4 Experimental Validation
In this section, the proposed Bayesian CS model is validated both on simulated and
real electroencephalography (EEG) datasets.

4.1 Simulated Data
To investigate the performance of the proposed method on synthetic data, an EEG
signal has been simulated using the publicly available EMBAL toolbox1 [5]. For
one of the simulated electrodes, the ground truth signal is illustrated in Fig. 1 (blue).
After simulating a CS acquisition by randomly samplig the ground truth signal with

1 http://embal.gforge.inria.fr/
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Fig. 1 Simulated EEG signal (blue), recovered signal using the LS method (red) and the proposed
method (black)
Table 1 SNR (dB) for the recovered signal using the LS solution and the proposed model, as well
as the Alpha, Beta, Theta, Gamma and Delta waves
LS
Prop. method
LS
Prop. method

Sparsity level
50%
50%
33%
33%

Signal
3.18
10.58
5.01
16.60

Alpha
6.18
16.09
11.19
13.69

Beta
6.99
14.31
7.52
10.72

Gamma
5.18
11.53
11.64
16.74

Theta
6.79
21.84
4.85
13.52

Delta
4.33
4.72
10.54
17.64

a 66% rate, Fig. 1 also displays in red the signal recovered using a least squares
method (LS) estimation as well as the proposed method (black). A visual inspection
of the recovered signals show that the proposed method provides a signal which is
close to the ground truth and less noisy that the LS estimation. To further assess
the estimation quality, signal to noise ratio (SNR) values of the two methods are
reported in Table 1, and this for two sparsity levels. Table 1 also reports the SNR
values of the different waves (Alpha, Beta, Gamma, Theta and Delta) extracted from
the EEG signals. This table confirms the good performance of the proposed method.
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4.2 Real Data
The proposed model is validated here on a real dataset acquired using a NeuroSky
Mindwave Headset.2 Specifically, an EEG recording has been performed using the
unique electrode during 8 min at a sampling rate of 512 Hz. For the validation, a
window of 256 coefficients is selected as a reference signal for which a random
subsampling with different rates have been applied to simulate the CS behaviour
since the device fully samples the signal. The reference and recovered signals using
an LS estimation and the proposed method are illustrated in Fig. 2. Numerically
speaking, Table 2 reports the SNR values of the different signals and waves. Overall,
the same conclusions as for synthetic data evaluation hold.

Fig. 2 Selected window: reference (blue), recovered using LS (black) and the proposed method
(blue)
Table 2 SNR (dB) for the recovered signal using the LS solution and the proposed method as well
as the Alpha, Beta, Theta, Gamma and Delta waves
LS
Prop. method
LS
Prop. method

Sparsity level
50%
50%
33%
33%

2 https://store.neurosky.com/

Signal
1.46
3.17
1.52
3.33

Alpha
3.72
5.58
4.76
6.67

Beta
5.21
9.24
4.40
6.38

Gamma
0.95
1.34
1.71
1.14

Theta
9.14
8.71
6.37
6.56

Delta
11.55
11.29
5.29
7.00
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5 Conclusion
In this paper, we proposed a Bayesian CS model that allows automatically recovering signals when estimating the model hyperparameters from the data. Our
preliminary validation showed promising results that demonstrate the effectiveness
of our method. Future work will focus on further comparisons with other CS
methods and other sensors such as connected Electrocardiography (ECG).
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Patients Stratification in Imbalanced
Datasets: A Roadmap
Chiheb Karray, Nebras Gharbi, and Mohamed Jmaiel

Abstract Learning in an imbalanced context is characterized by high disproportion
ratios of data instances number belonging to each class of the dataset. Attributing the
correct class for each instance is well studied using supervised learning techniques.
However, the examination of effects of the same phenomenon in unsupervised learning environments lags behind. Some of the main issues hindering the application
of unsupervised learning techniques (clustering techniques) in an imbalanced data
setting are highlighted. It also presents a solution to deal with the showcased issues.
This solution evades the noticed drawbacks by employing another set of clustering
algorithms while including them in an aggregated learning framework. This set of
algorithms would be assessed by measures tailored to the nature of these techniques
and to the unique constraints that the imbalanced learning environment imposes.
The suggested framework is intended to be applied to the patients stratification
problem.
Keywords Imbalanced data · Clustering · Patients stratification · Ensemble
learning

1 Introduction
Since 2009, US authorities have encouraged the adoption of Electronic Health
Records (EHRs) in healthcare system nationwide. Automated Health Records
contain a plethora of data modalities making them hard to process all at once.
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EHRs give a longitudinal view on a patient hospitalization history with possible
lack of data, with irregularities while capturing different vital signs (Time series),
with medical reports having their own idiosyncrasies, also with the presence of
categorical and real-valued data (ICD Codes, Medical Procedures Codes, Lab
tests . . . .) [12, 13] Adding to that, when dealing with medical data, a common
phenomenon arises: healthy cases outnumber patients w.r.t a given disease.
Resulting datasets in such cases are characterized by an important disproportion
regarding the healthy to patients ratio. Dealing with an imbalanced data setting has
its own challenges since the correct detection of patients would become harder and
needy to a customization of the algorithms trying to discern the healthy from the
unhealthy cases. The major focus of the literature was on adapting classifiers to the
imbalanced data setting [4]. To the same aim, strategies for data generation/pruning
were also employed (Undersampling, Oversampling). When dealing with new
incoming data, classifiers would need a costly human labeling effort to correctly
enrich the under-represented populations attained with given diseases.
Employing unsupervised techniques to cluster newly incoming patients is a
possible remedy to the need of expert labeling efforts. Additionally, it can serve
as a mean to describe groups of patients at a given time-step and to extract new
characteristics of diseases as they evolve. In order to reach generalizable predictive
models, a good understanding of the population being studied is a key factor. Given a
snapshot of patients being monitored for a specific disease, many phenomena could
be noticed, in addition to imbalance, such as:
– The à-priori number of groups to which patients belong is unknown.
– Density of data groups is variable.
In this paper, a strategy to deal with imbalanced medical data is introduced. The
use of many clustering solutions and their aggregation with a selected validation
metric as a way to facilitate patients stratification, is also discussed. Additionally, in
the next paragraphs, a given clustering paradigm is going to be rejected due to its
proven inefficiency in imbalanced contexts.
The paper is organized as follows: The first section discusses the main issues
affecting the use of K-Means in imbalanced contexts and presents a possible
alternative to that kind of algorithms. It introduces, also, the Ensemble clustering
techniques and postulates some advantages when used in an imbalanced context.
The second section, is devoted to introduce internal clustering validation techniques
as a way to assess different clustering solutions. The paper is concluded by a
summary and perspectives for future work.

2 Clustering Methods
Partitional clustering methods are unsupervised methods aiming at obtaining a
partition of data, whether it is a hard or fuzzy partition, by iteratively minimizing
the sum of squared errors as described in (1) (assuming that the similarity metric
used is the Euclidian distance):
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N

Lθ (X) =

mj i xj − μi

2

(1)

i=1 j =1

In Eq. 1, K is the clusters number, N is the number of instances in dataset X , mj i
indicates the membership of the data point xj in clusters indexed by i and μi is the
cluster centroid.
In [11], the author have demonstrated that K-Means tends to produce uniform
clusters in datasets with varying cluster sizes (Imbalanced Data). That phenomenon
is cited in the literature as the Uniform Effect. Some studies tried to mitigate the
problem by suggesting alterations to the “moving” centroid principle of K-Means
and the rest of partitional clustering methods.

2.1 Methods Dealing with the Uniform Effect
Authors in [5] have, first, discussed and expanded the demonstration in [11]. Then,
they have suggested a fuzzy partitional clustering algorithm where they transformed
the hard K-Means clustering objective to a fuzzified one. They have used the
Global K-Means clustering algorithm [6] to generate clusters centroids. The aforementioned method aims at finding a global solution using N runs of K-Means for an
incremental number of clusters (where N is the number of data points in a dataset).
Despite the apparent high computational cost of such a method, authors in
[6] have claimed that their solution solves the problem of the random centroids
initialization problem leading, usually, to local solutions. They have also suggested
improvements in order to decrease the computational burden. The fuzzification
factor they have used has a determining impact on the fate of the centroids to
obtain. Authors have suggested a way to select the best possible value for that factor.
Adding to that, there is an additional parameter controlling the maximum number of
cluster centroids to be generated. Another property of the proposed method is that
it proposes a way to merge overlapping subclusters. The suggested method in [5],
tries to solve the uniform effect of K-Means by representing majority clusters by
different centroids (subclusters) in order to be as close as possible in terms of size to
the minority cluster(s). The fuzzification factor they have employed is the Achilles
heel of the method as well as the other input parameter specifying the number of
maximum centroids to generate. The above-mentioned paper was discussed and its
drawbacks replaced by a new algorithm proposed in [9].
In [10], authors have tried to solve the uniform effect of K-Means by employing
a modified version of Fuzzy C-Means. The principle of the contribution is to extract
one cluster at a time while supposing that data not belonging to the cluster are noisy.
The determination of the parameters defining clusterable data points from noisy data
points are dependent on the optimization of an objective function quantifying the
similarity of data points to a given centroid or the belongingness of data points to the
noise cluster. The iterative extraction of new clusters stops with a stopping criterion
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relative to the number of data points to be contained in a cluster. The imbalance issue
was tackled by computing the relation between the cubic volume of a cluster and
data points inside it. Authors of the paper assume that data are following a uniform
distribution which is a constraining assumption to do when wanting to apply such a
method on data with unknown distributions.
The above-discussed methods tried to deal with the uniform effect problem with
the same problem popping out everywhere: The use of a predefined number of
cluster. Another second problem they have been trapped into is the use of different
subclusters to represent majority clusters. That tweak gave rise to another problem
which is the need to detect a correct number of clusters and inherently the need to
suggest a convenient merging technique for the subclusters.

2.2 Density-Based Clustering Algorithms
Even though different studies tried to deal with the deficiencies of partitional
clustering methods (K-Means, C-Means, Fuzyy C-Means . . . ) there are still some
issues questioning the efficiency of such algorithms in medical data settings.
The proposed approaches were able to circumvent the Uniform Effect with some
datasets but they were not well experimented in several data settings with different
characteristics. Moreover, there is a scarcity of papers dealing with the problem
of clustering in imbalanced data contexts. An initial solution, could be the use of
another category of Clustering Algorithms, namely: Density-based algorithms.
This type of algorithms is based on the notion of density which assumes that
clusters are dense area of points separated from each other by sparser areas. These
dense areas can have arbitrary shapes and the number of clusters to be obtained
are not specified in advance. These advantages make this kind of algorithms
more suitable to the context of medical data. Among the classical density-based
algorithms we could enumerate: DBSCAN, DENCLUE and OPTICS [1].

2.3 Ensemble Clustering Methods
As seen in the previous section, identifying groups of data points (patients) in an
unsupervised way is a problematic issue due the unknown possible grouping of data
beforehand and due to various characteristics of data groups (shape, size, density
...)
Working in an imbalanced context exacerbates the problem making the reliance
on a single clustering algorithm risky when needing to obtain a grouping as accurate
as possible. Knowing that with a dataset containing N instances and with k true

j
clusters the possible number of clusterings to have is k!1 kj =1 Ck (−1)(k−j ) j N .
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For a dataset with 16 instances and 4 clusters this number reaches 171798901
possible clusterings [14].
That said, there is a need to obtain as diverse data clusterings as possible in
order to decide which one or which ones are the nearest to the real data clustering.
However, it is unfeasible to obtain all the possible data clusterings. To that aim,
generating a consensus clustering from different base learners (partitions generated
from various clustering methods) could be a way to learn about a plausible, near-toreality data clustering.
Ensemble clustering consists in two operations, namely: Clustering Generation
and Clustering Combination. Diversity of generated clustering could result from
using different clustering algorithms from different clustering paradigms, the
same clustering algorithms with different parametrizations. This diversity, could
originate, too, from using different samples of data or data with different feature
subsets or with extracted features. To be able to combine diverse clusterings, several
approaches exist. Among those, there are the Similarity-based methods where each
clustering is represented as a square matrix [14]. This D ∗ D matrix (where D
is the dataset) represents the similarity between different data points. The final
clustering is based upon an averaging of the similarity matrices. So the input to
the combination function is an D ∗ D matrix where each data point is represented by
its similarity to the rest of the points. Getting the consensual clustering could be as
simple as applying a Clustering algorithm to the newly averaged similarity matrix.
In order to judge whether a generated partition has to be included in the
consensus clustering and in order to gauge its exact contribution, there is a need
to evaluate each clustering individually.

3 Validating Clustering Solutions
The unavailability of ground truth data for clustering requires the use of metrics for
assessing the quality of the generated partition. These metrics are called internal
validation metrics (indices). A frequent goal of ensembling techniques, but not
solely, is to guess the correct number of clusters given a clustering algorithm and
different parametrization of that algorithm. In our context, these metrics are being
used for two main goals:
– Decide whether to exclude or not a given partition.
– Attribute a weight for each retained partition.
In general, the internal validation metrics evaluate the clustering results by investigating the inherent properties of generated clusters without referring to the true
partition. They are trying to assess two criteria: compactness and separation.
Compactness refers to the notion of data similarity within a cluster whereas
separation examines the phenomenon of clusters dissimilarity.
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Several studies have covered the mostly used metrics in the literature and tested
their efficiency in different data settings such as: imbalance, density and presence
of noise [2, 3, 7, 8].
However, the challenge remains in investigating and applying these metrics in
a context of highly imbalanced data, with clusters varying in size and density
altogether.

4 Conclusion, Discussion and Perspectives
In this paper, we studied a variety of unsupervised methods proposed for patients
stratification based on imbalanced data setting. Limitations of clustering algorithms
in an imbalanced context as well as solutions to alleviate the impact of the Uniform
Effect are described. Therefore, the adoption of an ensembling approach was
proposed. In fact, this approach uses a group of partitions and exploits the different
aspects that different partitions could catch regarding the same data points. The
generated results are sought to be validated by internal validation metrics. Unfortunately, the current metrics are not able to deal with different data abnormalities
simultaneously which affect their usefulness [4] when applied in real data settings.
In addition, partition based clustering methods are excluded due the Uniform Effect
and the need to choose in one way or another the number of clusters. Meanwhile,
density based clustering techniques arose as an alternative capable of dealing with
different cluster sizes, with noise and with the absence of pre-defined number of
clusters. However, these techniques are considered inefficient when dealing with
imbalanced data. For all these reasons, we believe that aggregating clustering
techniques with a selected validation metric is a possible way to facilitate patients
stratification. For upcoming works, internal clustering validation metrics are going
to be exhaustively studied in highly imbalanced data settings while introducing other
data abnormalities. The empirical conclusions will serve as guidelines to choose
one or several metrics or to derive new ones based on the takeaways. Density
based approaches limitations need to be further explored in order to propose a valid
clustering.
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Real-Time Driver Fatigue Monitoring
with a Dynamic Bayesian Network Model
Issam Bani, Belhassan Akrout, and Walid Mahdi

Abstract In this chapter, our objective is to detect the driver fatigue state. To this
end, we have integrated the most relevant causes and effects of fatigue in a dynamic
Bayesian network. We used the following as the main causes of drowsiness: sleep
quality, road environment, and driving duration. On the other hand, we added as
consequences real-time facial expressions, such as blinking, yawning, gaze, and
head position. The result obtained changes over time and it is repeatedly included in
the model to calculate fatigue level. In comparison with a realistic simulation, this
model is very effective at detecting driver fatigue.
Keywords Driver fatigue · Hypovigilance · Facial expressions · Dynamic
Bayesian network

1 Introduction
Sleepiness behind the wheel is an undesirable phenomenon that has been experienced by most of us when driving. It is also called a micro-sleep, which is a brief
state of unconscious drowsiness. In the literature, other synonyms express driver
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drowsiness, such as “hypovigilance,” “somnolence,” and “fatigue.” Hypovigilance
is usually triggered by several factors, which are: fatigue, sleep deprivation and
disorders, workload, consumption of hypnotic drugs, and drugs. It is the case
especially with vehicle drivers who drive for more than 2 h without rest in a
monotonous environment, such as on a highway. In contrast to preventive systems
against speed, alcohol abuse, and the maintenance of the safety belt to combat road
accidents, designing an anti-hypovigilance tool seems to be complicated. However,
there are several studies that focus on hypovigilance detection based on drowsiness
indicators: physiological signs such as blinking, yawning, and posture changing, and
behavioral signs such as acceleration, braking, line deviation, and steering wheel
movement.
The remainder of this chapter is organized as follows: we start the second
section by reviewing the previous research into driver fatigue detection based on the
Bayesian network. Then, we propose our model in section three. The fourth section
presents the results obtained. Finally, in the last section, we draw conclusions with
regard to the perspectives opened up by this work.

2 Related Work
Ji et al. [1] have designed a dynamic Bayesian network (DBN) integrating information from various sensor data. They proved that this model is more efficient than the
static model.
Yang et al. [2] built a model based on DBN information fusion and multiple contextual and physiological features. The contact physiological features are significant
factors for inferring the driver fatigue state.
Gang et al. [3] have proposed a BN model for driver fatigue causation analysis,
considering several visual cues.
He et al. [4] present a new algorithm that computes the head-nodding angle with
posture data. They combined it with EEG signal in addition to the time of day and
total driving time in the DBN.
To keep the user in a productive state, [5] introduce a new probabilistic
framework based on the DBN to provide the appropriate assistance. An active
sensing mechanism is incorporated into the DBN framework to perform purposive
and sufficing information integration.
Guo et al. [6] proposed a BN structure learning algorithm based on node
ordering prediction particle swarm optimization (NOP-PSO) and they proved that
the presented algorithm is more effective than the original PSO method.
Ji et al. [1] used various sensor data, which make data collection difficult and
inaccurate. Yang et al. and He et al. [2, 4], using an invasive method (EEG), which
is certainly a good indicator of drowsiness, but practically it is not comfortable for
the driver. We have based this experiment on the most relevant causes of fatigue,
especially on facial expressions, to compute the fatigue level. In addition, data
collection was based on several driver surveys.
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3 A Proposed Method for Fatigue Detection Based
on a Dynamic Bayesian Network
The proposed system is composed of a data set of drowsiness causes and an
observation set of fatigue measurements.

3.1 Causes of Drowsiness
Many factors can lead to a drowsy state, but we focus specifically on significant
factors that have a direct relation with fatigue leading to sleep.
– Sleep deprivation: Sleep is an essential need, with an average daily sleep time
of 8 h. Sleep loss leads to the corruption of vital function parameters, such as
reaction, concentration, and vigilance.. . .
– Circadian rhythm: Circadian rhythm is a basic physiological and behavioral
clock in humans. Sleep deprivation is a major symptom of circadian disturbance,
which leads to fatigue [7, 8]. According to circadian rhythm, each day there are
two peaks of sleep, approximately 3–5 A.M. and 3–5 P.M. [9]. During these two
periods, drivers can be exposed to fatigue and easily fall asleep.
– Driving duration: Driving activity requires such a high level of concentration
that the visual and sound stimulations cause a saturation of the nervous system,
which decreases the level of vigilance and increases the reaction time. According
to [10], the deterioration of driving performance occurs after approximately 2 h.
– The monotony of the road: Monotonous road environments have a direct impact
on a driver’s state. Philippe [11] talked about the monotony of the task and
the monotonous state, where simple actions take place in a repetitive manner
over long periods of time, which reflects a combination of physiological and
psychological changes that affect the driver’s state. Akerstedt et al. [12] consider
that on highways at night, drivers are more vulnerable to sleep-related accidents.

3.2 Fatigue Measurements
– Eye blinking: The Percentage of eye Closure (PERCLOS) allows the slow
closing of the eyes to be determined [13]. Eighty percent of 1 min spent with
the eyes closed indicates a driver’s fatigue state. The frequency of eye closure
can detect periods of micro-sleep, which is why it is a good indicator of
drowsiness [14].
– Yawning: It was noted that in the case of fatigue, a driver opens his mouth wide,
which indicates a high frequency of yawning [15].
– Head and gaze movement: The direction of the head can reveal a driver’s lack
of attention and can be a sign of drowsiness [16]. On the other hand, when a
driver’s gaze is maintained in non-frontal directions for long periods of time, it
may be a sign of fatigue or inattentiveness.
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3.3 Bayesian Network
A Bayesian network (BN) is a probabilistic graphic that represents a set of variables
with their conditional probability distribution. It is based on Bayes’ theorem. A BN
is illustrated through a directed acyclic graph that is defined as a pair:G=((N ,A),P ),
where N is a set of nodes, A a set of arcs, and P represents the set of conditional
probability distribution that quantifies the probabilistic dependencies. A random
variable X is represented by a node n ∈ N defined as:
P (X1 , . . . Xn ) =

n


P (Xi |P a(Xi )); whereP a(Xi ) is a set of causes.

i=1

A dynamic Bayesian network (DBN) [17] is an extension of a BN that is dynamically changing and evolving over time. It represents the evolution of the random
variables according to a discrete sequence, for example, time steps.

3.4 Proposed Model and Initializing Parameters
The BN system must be parameterized, the root nodes are initialized with a prior
probability (Table 1), and each node is a conditional probability given its parents
(Tables 2, 3, 4, 5, 6, and 7). It is necessary to build a conditional probability table
(CPT) for each node. Generally, the probability is calculated by an expert or by
training data and this is, in fact, the most critical task (Figs. 1 and 2).
Table 1 Prior probability
table

Node
Circadian rhythm
Sleep_duration
Driving_duration
Environment

Table 2 Conditional
probabilities for the sleep
quality node

Parent nodes
Circadian_rhythm
Active
Drowsy

Value
Active
Drowsy
Sufficient >7h
Deprived <7h
<2h
>2h
Good
Bad

Sleep_duration
Sufficient>7h
Deprived <7h
Sufficient >7h
Deprived <7h

Probability
0.83
0.17
0.72
0.28
0.64
0.36
0.78
0.22

Sleep_Quality
Poor Fair
0.07 0.93
0.23 0.77
0.12 0.88
0.85 0.15
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Table 3 Conditional probabilities for the fatigue node
Parent nodes
Sleep_quality
Poor

Driving_duration
<2h
>2h

Fair

<2h
>2h

Environment
Bad
Good
Bad
Good
Bad
Good
Bad
Good

Fatigue
Alertness
0.13
0.64
0.02
0.67
0.18
0.92
0.28
0.68

Fatigue
0.87
0.36
0.98
0.33
0.82
0.08
0.72
0.32

Table 4 Conditional
probability table for the
yawning node

Fatigue
Alertness
Fatigue

No
0.95
0.21

Yes
0.05
0.79

Table 5 Conditional
probability table for the
blinking node

Fatigue
Alertness
Fatigue

No
0.91
0.12

Yes
0.09
0.88

Table 6 Conditional
probability table for the gaze
node

Fatigue
Alertness
Fatigue

No
0.87
0.08

Yes
0.13
0.92

Table 7 Conditional
probability table for the head
position node

Fatigue
Alertness
Fatigue

No
0.83
0.06

Yes
0.17
0.94

4 Experimental Results
This experiment performed in our laboratory is about a simulation among 10 persons
who have the same driving conditions: less than 7 h sleep, an monotonous road,
and choosing the same time of drowsy state according to circadian rhythm (3–
5 A.M.and 3–5 P.M.) [9]. These three factors are the prior probabilities of fatigue
causes. Throughout the experiment, we measure every 1 min the signs of fatigue,
which are yawning, blinking, gaze, and head position, to integrate them into our
model. The new probability of fatigue is calculated at time t and introduced as an
input at time t+1. We fixed a fatigue level threshold of 70% at which the alarm status
is launched.
Figure 3 represents the estimation of fatigue level compared with the realistic
simulation. The two curves have approximately the same allure with very close
values. They are increasing in terms of driving time, and they reach approximately
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Fig. 1 Static Bayesian
network model

Fig. 2 Dynamic Bayesian
network model with two time
slices

50% after 2 h of driving, confirming the statement that sleepiness begins after 2 h of
driving [10]. After 160 min, the drivers took a break of 20 min, which explains the
downward slope of the curves.
With the chosen classification threshold (70%), this model has a good classification rate of 92.33% and has a precision of 0.8336, a recall of 0.8823, and an
F-measure of 0.8571. In addition, our model presents an average squared error of
0.082 compared with the work of [2], which presents 1.26.
The classification threshold is determined by our expert. The choice of the
threshold is very sensitive to triggering the fatigue state. However, we can evaluate
our choice of threshold according to the model’s performance.
Figure 4 shows the performance of the threshold classifier, which reaches a peak
of 98.75% with a threshold of 68%. Figure 5 represents the evolution of the scores
metrics at different thresholds. It shows a peak of scores between 65% and 68%.
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Fig. 3 Fatigue level plot over time according to estimation with DBN (top) and simulation
(bottom)
Fig. 4 Classification rate
according to threshold

Combining the two results, we can find a perfect evaluation of our model with a
threshold of 68%. Later, to avoid over-learning, we will rely on the threshold of
70% which is highly satisfactory.
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Fig. 5 Precision–recall and
F-measure score according to
the threshold

5 Conclusion and Future Work
Fatigue behind the wheel is a very dangerous event that causes fatal accidents.
Many types of research study fatigue detection to warn the driver and avoid the
potential risks. In this chapter, we propose a DBN for fatigue modeling in real
time. This model is initialized with a prior probability of fatigue causes, in which
fatigue measurements are computed in real time to be integrated into this model
later on. The fatigue level is a probability of the resulting inference of both causes
and measures of fatigue at the instant t, to then be introduced as input at the instant
t+1.
We used the most relevant factors to determine fatigue, which facilitates data
collection and minimizes the risk of losing information precision. We can enhance
our model by observing driving behavior such as line departure, steering wheel
movement, and pedal actions. We can also use other AI methods such as artificial
neural networks and the hidden Markov model to predict the fatigue state in the
instant t, before reaching the alarm threshold.
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Epileptic Seizure Detection Using a
Convolutional Neural Network
Bassem Bouaziz, Lotfi Chaari, Hadj Batatia, and Antonio Quintero-Rincón

Abstract The availability of electroencephalogram (EEG) data has opened up the
possibility for new interesting applications, such as epileptic seizure detection. The
detection of epileptic activity is usually performed by an expert based on the analysis
of the EEG data. This paper shows how a convolutional neural network (CNN)
can be applied to EEG images for a full and accurate classification. The proposed
methodology was applied on images reflecting the amplitude of the EEG data over
all electrodes. Two groups are considered: (a) healthy subjects and (b) epileptic
subjects. Classification results show that CNN has a potential in the classification
of EEG signals, as well as the detection of epileptic seizures by reaching 99.48% of
overall classification accuracy.
Keywords Epilepsy · CNN · Seizure detection · EEG
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1 Introduction
Epilepsy, affecting more than 60 million people of the worldwide population, is a
nervous system disorder characterized by seizures. These seizures are commonly
defined as sudden disturbances in brain functions that indicate hyper-synchronous
activity of neurons in the brain [6, 13]. Hence, epilepsy disease often leads to loss
of upright posture and impairment of the senses that can lead to serious injuries and
sometimes death [6, 13, 14]. Although the main reason of this disease is unknown,
most of the epileptic patients can be medically treated if seizures are diagnosed on
time. As a clinical tool, the electroencephalogram (EEG) signal is very important
in the diagnosis of epilepsy. It provides a snapshot of the human brain while
performing a cognitive task or even at a resting state. The EEG is collected by
placing electrodes on the scalp of the patient and can then record the electro-activity
produced by the brain. Traditionally, diagnosis using EEG signals is performed by
experts based on the visual inspection to detect seizures. Such a costly and slow
process is subject to human errors. It can also lead to ambiguous interpretations
and even disagreements between experts. Recent works achieved seizure detection
by preprocessing data collected from electrodes. This processing is followed by a
hand-crafted feature extraction step based on signal properties to be analyzed and
classified later based on signal properties using a machine learning algorithm.
Though deep learning algorithms [3] achieve promising results on many tasks,
we present in this paper a convolutional neural network to detect seizures based
on images generated from EEG signals. The algorithm takes an intensity image
calculated from EEG data as an input and classifies the images into epileptic and
healthy. The learning is performed on the intensity images gathering signals from all
the used electrodes. Operating on 200 epileptic and 500 healthy images, experiments
show that our system performs 98.48 % overall accuracy.
The remainder of this paper is organized as follows. An overview of existing
techniques used for seizure detection from EEG data is presented in the second
section. The third section is dedicated to the proposed approach. Section 4 describes
the experimental validation of the proposed method. The last section is dedicated to
the conclusion and to draw the future direction of this work.

2 Related Work
For seizure detection, several approaches have been developed in the recent
literature such as those based on classification using time-frequency features [5, 10]
or component analysis [7] and some others [1, 8]. Two main ideas are used for
most of the developed methods. Either authors decompose the EEG signal and
use appropriate components, or they extract appropriate features from the signal
to perform classification. In this sense, even if the features type is crucial for the
accuracy of seizure detection, choosing an appropriate classification algorithm is
important too.
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In our work, we investigated the application of convolution neural network
(CNN) [1] which is a method that avoids exhaustive prepossessing data and handcrafted feature extraction. Besides, the presence of a large amount of EEG data
and powerful computing infrastructure made CNN a suitable candidate for the
current application. This CNN has demonstrated its ability to provide high good
classification rates in a number of applications such as vehicle detection [15] and
medical imaging [11].

3 Proposed Approach
To deal with the mentioned challenges, we introduce a deep learning-based
approach to classify and identify epileptic seizure. The general architecture
of the proposed framework is illustrated in Fig. 1. The figure shows that the
pipeline consists of two main steps: dataset construction and convolutional neural
network (CNN). The CNN contains self-taught feature extraction and classification
components. In the following, we describe each step.

3.1 Dataset Construction
This process consists of constructing input data for the CNN model in order to detect
seizure. Starting from continuous EEG signals issued from annotated dataset of 23
electrodes, we extract a fixed temporal window of 2 s. The obtained windows are
then transformed to a spatial representation by producing a set of intensity images
as shown in Fig. 2b.

Fig. 1 Pipeline of the proposed approach
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Fig. 2 Temporal EEG signals of the 23 electrodes (a) and the spatial representation (b)

3.2 CNN for Seizure Detection
Convolutional neural networks (CNNs) are a family of multilayer neural networks
and are considered as the first successful trial for deep learning approach where
many layers of a hierarchy are successfully trained in a robust manner. CNNs are
known for their robustness toward low variation in inputs; they require low preprocessing for their execution. They are also able to extract appropriate features while
simultaneously performing discrimination [2, 4]. More specifically, in the current
implementation, we make use of the LeNet [9] architecture for the convolutional
neural network.
Our CNN has a total of eight layers comprising one initial input layer and five
hidden layers followed by one fully connected layer and ending with the output
classifier layer. The convolution with the pooling layers acts as self-taught feature
extractors from the input image (spatial representation of signal intensity), while
fully connected layer acts as a classifier. The essential purpose of convolution
is to extract features automatically from the input image. The dimensionality of
these features is then reduced by the pooling layers. At the end of the model, the
fully connected layer with a softmax activation function uses the learned high-level
features to classify the input image into predefined classes (seizure and not seizure).
In summary, LeNet model is composed of two main parts: the first part is the selftaught feature extraction model and the second part is the classification model. In
the rest of this section, we will detail these two components.
3.2.1

Feature Extraction Model

The feature extraction model is the part where the network learns to detect different
high-level features from the input images. It consists of a sequence of convolution
and pooling layers.
– Convolution map. The convolution layer is an elementary unit in a CNN
architecture. The goal of convolution is to extract features from the input image.
It consists of a set of learnable filters. Each filter is applied to the raw pixel
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values of the image taking into account the red, green, and blue color channels in
a sliding window fashion, computing the dot product between the filter pixel and
the input pixel. This will result in a two-dimensional activation map of the filter
called feature map. Hence, the network learns filters that will activate when they
find known features in the input. The CNN learns the values of these filters on its
own during the training process. The convolution operation is presented in Eq. 1.
A convolution layer is configured by the number of convolution maps it contains
Mi and the size of the filters which are often squared kx  ky . The feature map
Mi is computed as follows:
Mi = bi +

Wik  Xk

(1)

k

where  is the convolution operator, Xk is the kth input channel, Wik is the
subkernel of that channel, and bi is a bias term. In other words, the convolution
operation being performed for each feature map is the sum of the application of
k different 2D squared convolution features plus a bias term. Hence, the power
of CNN is noted in its ability to learn the weights and biases of different feature
maps which lead to task-specific powerful feature extractors. Moreover, rectified
nonlinear activation functions (ReLU) are performed after every convolution to
introduce nonlinearity to the CNN.
– Max-pooling map. In the architecture of convolutional neural network, convolution layers are followed by subsampling layers. A layer of subsampling reduces
the size of the convolution maps and introduces invariance to (low) translations
that can appear in the input. A layer of max-pooling is a variant of such layer that
has shown different benefits in its use. The output of max-pooling layer is given
by the maximum activation value in the input layer over subwindows within each
feature map. The max-pooling operation reduces the size of the feature map.

3.2.2

Classification Model

Within the classification step, we use fully connected layers where each neuron
provides a full connection to all learned feature maps issued from the previous layer
in the convolution neural network. These connected layers are based on the softmax
activation function in order to compute the classes scores. The input of the softmax
classifier is a vector of features resulting from the learning process, and the output is
a probability that an image belongs to a given class. The softmax function ς takes as
input a C-dimensional vector z and outputs a C-dimensional vector y of real values
between 0 and 1. This function is calculated as below:
ezc
yc = ς (z)c = C

d=1 e

zd

f or c = 1 · · · C

In the next section, we will present the conducted experiments and results.

(2)
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4 Experimental Evaluation
To validate the performance of the proposed approach, we conducted a set of
experiments using real EEG dataset extracted from the Children’s Hospital Boston
database. This dataset consists of 36 bipolar 256 Hz EEG recordings from pediatric
subjects suffering from intractable seizures [12]. From these data, 300 images issued
from the transformation of EEG signal into intensity images have been generated.
The images in our dataset are annotated as belonging to two different categories
which are normal or epileptic. Figure 3 illustrates some samples of the dataset which
contains 300 images. Our EEG dataset images are obtained by generating intensity
images from EEG signals that belong to two groups: (a) healthy subjects and (b)
epileptic subjects. The results of the full classification show that CNN has a potential
in the classification of EEG signals and detection of epileptic seizures by reaching
99.48% of overall classification accuracy.
As seen in Table 1, a stochastic gradient descent (SGD) algorithm is used in our
model to learn the best set of weights and biases of the neural network that minimize
the loss function. When learning, SGD works by randomly choosing a small number
of training inputs; we refer to this as the batch size which is set to 10. The learning
rate set to 0.001 in our model is the rate at which a function moves through the
search space. A small learning rate leads to more precise results but will cause more
training time. The momentum considered as an additional factor to determine how
fast SGD converges on the optimum point is set to 0.9.
Furthermore, the effectiveness of our system will be evaluated by using a
combination of precision, recall, and F1-measure. Table 2 shows this measures
across all our experimental configurations.

Fig. 3 EEG images dataset samples
Table 1 Hyperparameters
choices

Parameter
Optimization algorithm
Learning rate
Momentum
Weight decay
Batch size
Activation function
Iterations

Value
SGD
0.01
0.9
0.005
10
Sigmoid
30
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Table 2 Precision, recall, accuracy, and F1 score for the corresponding experimental configuration
Accuracy
0,9949

Precision
0,9949

Recall
0,9949

F1 score
0,9949

As mentioned before, these results were obtained using our deep learning model
for the different two labels. In particular, we achieve a high overall classification
accuracy when using a 20% of data for training and the rest for testing. As we can
see from Table 2, our model was able to find good results when applied to classify
the epileptic cases.

5 Conclusion
This paper presented a new method for epileptic seizure detection based on EEG
signals. The method jointly uses the signals of all the electrodes in a spatial
representation. A CNN-based classifier is then used based on a manually annotated
database. The obtained results are promising with high accurate classification rates.
Future work will focus on the combination of spatial and spectral representations
of the EEG signals to improve classification, in addition to the application of the
proposed method to larger datasets.
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