
P H D T H E S I S :

" I N N O VAT I V E S I G N A L P R O C E S S I N G T E C H N I Q U E S I N
B I O E N G I N E E R I N G : C O M P R E S S E D S E N S I N G A N D H I G H

R E S O L U T I O N D N A M E LT I N G A N A LY S I S "

student :
césar hugo pimentel romero

advisor :
prof . gianluca setti

Università Degli Studi di Ferrara

July 2020



César Hugo Pimentel Romero: PhD Thesis:, © July 2020



A C K N O W L E D G E M E N T S

First and foremost, I would like to thank God for giving me the health

and strength to keep going in these difficult times. To my beautiful

family, my parents Hugo and Consuelo for their love, encouragement,

sacrifice and support throughout my life, thank you for always believ-

ing me. To my beloved sister Naty, for those words of encouragement

in difficult times, that moments of crisis when I stopped believing

in myself, thank you for your unconditional love and support. Dear

sister, this last months has been very difficult for the family. I pray

to God that every new day brings you more strength for a speedy

recovery. I love you so much and we trust God for your fast recovery.

I would also like to thank my sisters Karen and Gaby as well as my

beautiful nieces.

Many thanks to the University of Ferrara (UNIFE) for giving me the

opportunity to study the PhD course. Thanks for having me in this

beautiful and fascinating country, its places and friendly people will

live forever in my heart. My great admiration and sincere gratitude

to my advisors Prof. Gianluca Setti and Prof. Fabio Pareschi for your

patience and knowledge.

Besides my advisors, I would like to thank the ARCES research group

in Bologna, Prof. Mauro Mangia and Prof. Riccardo Rovatti, thank

you for this wonderful learning experience. Also, I would like to ex-

press my gratitude to my thesis referees Prof. Pamela Abshire and

Prof. Maurizio Martina for all the valuable and insightful comments.

iii



To all my friends, thank you for your kindness, encouragement and

support in the most difficult moments. I thank the live for blessing

me with your friendship. It is impossible to make a list of all of you,

but you are always in my heart.

iv



Life is beautiful.
It’s about giving. It’s about family.

— Walt Disney

To mi family, especially my sister Naty.
We trust God for your recovery.





P R E FA C E

In the last years, the revolution of digital platforms and energy con-

sumption issues have forced the development of new strategies to

store, process and transmit information. Currently, the amount of

data stored and shared has been experiencing a tremendous growth

day by day. The international Data Corporation (IDC) asserts that the

summation of the data created, captured or replicated will grow from

33 Zettabytes (ZB) in 2018 to 175 ZB by 2025. This impressive growth

is due in part to the evolution of electronic devices. For example, the

Internet of things (IoT) has emerged as a system to collect, process

and send a lot of data gathered by many devices over a network. IoT

allows to intercommunicate devices by using data collected without

human help. Some applications include health monitoring, infrastruc-

ture applications, transportation, smart home among others. Acquire

all these digital information creates a really challenge for analog to

digital interfaces mainly for two reasons. First, if a signal has a very

broad bandwidth the acquisition of the data requires a denser sam-

pling. Second, even if the data could be acquired, it will be processed

and stored efficiently.

Understanding the challenge to deal with this vast amount of data,

new techniques to process and store the information efficiently have

been developed, becoming important allies of hardware improvements.

In the field of data compression, one of the most significant new ap-

proach is the Compressed Sensing (CS) [10, 20], a powerful mathe-

matical tool that, under certain conditions is capable to acquire and

compress an input signal using a sub-Nyquist sampling.
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Although it is true the effectiveness of standard CS technique, there

are methods in the literature that can improve performance of the

standard CS in therms of compression ratio in some kinds of signals.

[49, 50]. These methods based in the CS are reviewed in this work

and a new approach is proposed.

Punctually, a detailed analysis of two sensing matrix adaptation

techniques is presented, the Rakeness-based CS Rak-CS and Nearly

Orthogonal-based CS NeO-CS approaches, where the strengths and

limitations of each of them are discussed. Based on these analysis,

an algorithmic solution is proposed with the aim to overcome these

limitations.

On the other hand, the strategies to encoding, processing and stor-

ing the data have been explored from other areas such as biotechnol-

ogy. In the last decade, the idea to store digital information in syn-

thetic DNA molecules has gained great interest by many researchers

for two reasons, density and durability. In theory, a DNA molecule

offers a density of 1 exabyte per cubic millimeter and an average

durability of 500 years, if the information could be packaged with

the same density as the genes of the bacterium Escherichia coli, all

existing data could be contained in about one kilogram of DNA. The

technological advances in synthesis (write), sequencing (read), and

editing techniques of DNA molecules have allowed for example to

store 7̃39 kb of five compressed files including 154 Shakespeare’s son-

nets in ASCII text, a scientific paper (PDF), a piece of the famous

speech "I have a dream" of Martin Luther King (MP3) and a photo-

graph of the European Bioinformatics Institute (EBI) (JPEG200). Typ-

ically, the digital information is compressed and encoded over the

the DNA code-words (A,C,G,T) constrained to error controls. How-

ever, all the approaches for data recordings have several drawbacks

in all the steps, including the limited length of the DNA fragments
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in the synthesis process, the errors and highly costs in synthesis and

sequencing techniques. In addition, the difficulty to the partial access

of the data, that means, it is necessary reconstruct the entire sequence

to read even a single base. Despite DNA storage is an incredibly slow

process compared with the timescales of the traditional data record-

ing, it still a promising approach as is shown in [18, 33, 75].

With the idea of venturing into the interesting molecule of life

world, a brief overview of DNA sequencing techniques is provided

in this work. The importance of DNA to the life has encouraged the

improvement of methods to obtaining the DNA information. This

developments in bioinformatics use computational techniques to as-

sembling an entire genome (de novo), algorithms to align the assem-

bled data with a reference sequence to find variations: mutation, gene

expression, or single nucleotide polymorphisms (SPNs), that are the

most common genetic variations. However, if an experiment implies

the identification of variants in regions of interest of the DNA it is

not always necessary the DNA sequencing, in that case High Resolu-

tion Melting (HRM) analysis is a good choice because is cheaper and

faster than sequencing and it is very reliable.

As first step to start with this interesting research, the second part

of the thesis is focused in the study of the High Resolution Melting

(HRM) analysis. Currently, commercial software of HRM analysis is

expensive 1 2, also there are few free software and commonly, they

present among other problems: Exponential background subtraction

not supported, grouping based in the melting temperature identifi-

cation Tm not supported, average of targets not supported in the

difference graphic, some software requires previous knowledge of

programming language by the user, Bio-Rad CFX platforms not sup-

1 https://www.bio-rad.com/it-it/product/precision-melt-analysis-software
2 https://www.thermofisher.com/it/en/home/life-science/pcr/real-time-pcr/real-

time-pcr-applications/genetic-variation-analysis-using-real-time/high-resolution-
melting-hrm.html
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ported, etc. For this reason, the researchers have to develop his own

software. That is how the idea of designing a specialized software for

HRM analysis arose: The Contribution with the design of a free High

resolution Melting Analysis software covering the problems of the

very available free software and capable to satisfy the requirements

of students that cannot afford the commercial software. This software

was developed with AppDesigner of Matlab, guaranteeing an user

friendly software.

This thesis is organized in the following manner. The first part (Part

I) gives an overview about the Compressed Sensing theory followed

by an overview of the state of the art of CS optimization techniques.

Numerical results are presented in Chapter 3 testing the proposed

method with the Rak-CS and NeO-CS using synthetic signals, electro-

cardiograph (ECG) and electroencephalograph (EEG) signals. Finally,

Chapter 4 concludes the first part of the thesis. The second part (Part

II) provides general concepts of biology, followed by an overview of

sequencing techniques in the Chapter 5. In the Chapterch:HRMan,

the DNA analysis based in High Resolution Curves (HRM) is ex-

plained to finally present the results of the software developed in

this work. Additional information is provided by the Appendixes in-

cluding the user manual.
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P U B L I C AT I O N S

• Geometric Constraints in Sensing Matrix Design for Compressed

Sensing.

This paper provides a critical review of the state-of-the art of

some Compressed Sensing (CS) adaptations in the sensing stage

to identify the strengths and limitations of each of them. Based

on these analysis, an algorithmic solution that overcomes these

limitations was proposed. The new method named Nearly Or-

thogonal Rakeness-based CS (NOR-CS) is proposed exploiting

as much as possible the geometric constraints used in the Nearly

Orthogonal-based CS (NeO-CS) approach by adapting the local-

ization value (Rakeness-based CS (Rak-CS)).

The methods were tested with synthetic low pass signals and

Electroencephalographic (EEG) signals. Results shows a remark-

ably better performance in therms of PCR of the proposed ap-

proach (NOR-CS) using synthetic low pass signals. Also, NOR-

CS approach presents the best quality regardless the compres-

sion ratio to identify Evoked Potentials.

Citation:

C.H. Pimentel-Romero, M. Mangia, F. Pareschi, R. Rovatti, G.

Setti, "Geometric Constraints in Sensing Matrix Design for Com-

pressed Sensing", Signal Processing, Volume 171, 2020, ISSN

0165-1684, https://doi.org/10.1016/j.sigpro.2020.107498.

• Resource Redistribution in Internet of Things applications by

Compressed Sensing: a Survey.

This paper provides an overview and comparison of advanced

CS approaches. These techniques are capable of exploiting some
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additional priors of the input signal to improve the standard CS

performance. In this paper, a survey of the most promising ones

is presented. A classification of these techniques is proposed,

according to the signal prior that is used and which processing

block is modified with respect to the standard CS. First class:

Signal model improvement. Second class: Sensing Matrix adap-

tation and Third class Reconstruction algorithm modification.

Citation:

A. Marchioni, C. H. Pimentel-Romero, F. Pareschi, M. Mangia,

R. Rovatti and G. Setti, "Resource Redistribution in Internet of

Things applications by Compressed Sensing: A Survey," 2018

IEEE International Symposium on Circuits and Systems (ISCAS),

Florence, 2018, pp. 1-5.
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Part I

C O M P R E S S E D S E N S I N G

This first part starts with an introduction of the CS the-

ory. After that, an overview of the state-of-the art of some

CS adaptations by using additional priors in the differ-

ent stages is presented in order to explain the new CS

adaptation proposed in this work. Some of the CS adap-

tations reviewed are confronted using synthetic signals,

synthetic electrocardiograph (ECG) signals and electroen-

cephalographic (EEG) signals.





1
I N T R O D U C T I O N T O T H E C O M P R E S S E D S E N S I N G

Compressed Sensing (CS) is a signal-processing technique able to re-

duce the amount of data needed to represent sparse signals [10, 20].

Basically, CS exploits a very common feature of the signals called

sparsity. This property expresses the idea that a signal, when is ex-

pressed in a proper basis, has a much more compact representa-

tion than what obtained by means of a straightforward Nyquist-rate

sampling. Quickly, this approach has become the center of interest

in the development of Analog-to Information Converters (AICs) [47,

48, 58]. These devices based on CS allow to reduce energy consump-

tion in comparison with the standard Analogic-to-Digital Converters

(ADCs), where their effectiveness has been investigated in different

areas. There are bio-medical prototypes [32, 58, 69] as well as AIC for

the acquisition of radio-frequency signals [16, 76].

Mentioned prototypes are essentially CS based encoder blocks. Com-

pressed information are transmitted at a decoder stage, that is able to

recover the original signal with a mechanism that is based on the

sparse assumption. The encoder/decoder processing scheme that fol-

lows the standard CS theory, is an asymmetric scheme. The encoder

compresses chunks of input signal by linear projections on rows of

Figure 1: Std-CS based system block.
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4 introduction to the compressed sensing

a properly designed sensing matrix A (usually drawn as instances of

stochastic process) with a very low computational cost. The price ex-

pensive cost paid by the decoder, where a convex optimization prob-

lem has to be solved. Some proposed algorithms capable to recover

the input signal are discussed in [22, 54]. However, for reasons of sim-

plicity, `1 minimization-based algorithms are frequently adopted [8,

9]. Visually, the block scheme of a Standard CS-based (Std-CS) system

is shown in Figure 1. Recent papers appeared in the literature aims

to optimize the CS performance for both the encoder and decoder

block.

1.1 compressed sensing fundamentals

Compressing Sensing theory insures that a signal can be recovered

from fewer number of linear measurements than the number of Shannon-

Nyquist rate samples. To allow it, CS is based on two fundamental

premises: sparsity and incoherence.

In broad terms, the sparsity consists in the idea that the amount

of information of a signal can be less than that suggested by his

bandwidth, or, when a discrete-time signal depends on a number

of degrees of freedom considerably smaller than its time length by

an appropriate representation in a certain basis S. Formally, consider

a signal conformed by n samples and represent it by the vector x =

(x0, . . . , xn−1)> ∈ Rn. We say that x is k-sparse if it can be expressed

as a linear combination in a proper n-dimensional basis S ∈ Rn×n as

x = Sξ, where ξ ∈ Rn exhibits k � n non-zero components for any

possible instance x. CS asserts that any signal x can be captured in m-

measurements collected in the vector y = (y0,y1, . . . ,ym−1)
> ∈ Rm,

with m < n. This measure vector is the result of a linear opera-

tion between a sensing matrix A ∈ Rm×n and the signal x, such that



1.1 compressed sensing fundamentals 5

y = Ax = ASξ. On the other hand, incoherence means that the pro-

jection matrix A and the sparse representation matrix S should be as

incoherent (uncorrelated) as possible.

The most practical choice to recover the signal represented by x̂ =

Sξ̂ is through algorithms based on the solution of the convex opti-

mization problem

ξ̂ = arg min
ξ∈Rn

‖ξ‖1

s.t. ‖ASξ− y‖22 6 ε2
(1)

where the 1-norm ‖ξ‖1 is used as sparsity-promoting function, while

‖ASξ− y‖22 is the usual Euclidean norm indicating the accuracy with

which the measurements y are matched by the solution, and ε > 0

should be chosen proportionally to the amount of noise expected on

y. Such an approach is called basis pursuit with denoising (BPDN),

and can be shown to be equivalent to the unconstrained problem

ξ̂ = arg min
ξ∈Rn

(
1

2
‖ASξ− y‖2 + λ‖ξ‖1

)
(2)

for a proper value of the parameter λ.

There are two properties of A that guarantee a correct reconstruc-

tion: the restricted isometry property (RIP), i.e., A is able to approxi-

mately preserve the signal energy as ||Ax||2 ≈ α||x||2 for some con-

stant α as close as possible to 1 and for all k-sparse vectors x; and the

low-coherence property, where coherence is defined as follows

µ(A,S) = sup
j,k

|〈Aj.,S.,k 〉| (3)



6 introduction to the compressed sensing

where Aj., is the j-th row of A and S.,k is the k-th column of S. In-

terestingly, both properties are satisfied when A is composed by in-

stances of Gaussian or sub-Gaussian random variables with

m = O(k logn) (4)

where m is the minimum number of measurements that guarantee a

correct reconstruction [8, 9]. Conveniently for hardware applications

[16, 58, 69, 76], A can be designed with an antipodal random process

A ∈ {−1,+1}m×n where +1 and −1 have the same probability to oc-

cur. This hardware-friendly matrix is chosen in this work for practical

reasons (to reduce both hardware complexity and the energy neces-

sary to encode the data), and from now on, it is implicitly assumed

that A is antipodal. According to (1), encoder and decoder need to

share the information of A, while the knowledge of S is required

only at the decoding stage.

Theoretically, given a fixed sparsifying basis S, random matrices

are largely incoherent. However, despite the advantages that the CS

presents, an appropriate design of the matrix A can significantly in-

crease the performance.



2
A D A P T E D C S B Y U S I N G A D D I T I O N A L P R I O R S

According to standard CS theory, m in (4) represents the optimum

number of measurements required for a correct reconstruction. How-

ever, with an additional knowledge on the acquired class of input

signals the CS can be adapted in order to reduce the value of m with-

out compromise the reconstruction. A first step in this direction was

presented in [26] and [23], where the matrix A is optimized by mini-

mizing the mutual coherence between the columns of AS. The mutual

coherence of the equivalent dictionary D = AS can be measured con-

sidering the Gramm matrix G = D>D, where the mutual coherence

is the off-diagonal entry with largest magnitude.

In particular in [26], given a fixed dictionary, the author tries to

minimize the largest absolute values of the off-diagonal elements in

the corresponding Gramm matrix by an iterative algorithm. As a re-

sult, the algorithm improves the performance of the Std-CS; however

it needs many iterations to achieve a good performance. Authors in

[23] aim to find A such that the corresponding Gramm matrix is as

close as possible to the identity matrix. In addition, they propose

a simultaneous optimization of the sensing matrix and the sparsi-

fying dictionary adapted to image datasets. As a result, the images

are represented by learned overcomplete dictionaries. Nevertheless,

overcomplete learned dictionaries are not orthonormal bases and, in

several applications the dictionary is restricted by physical considera-

tions. These methods exploit only the knowledge of S and they have a

limited impact on the overall system performance compared to other

methods that work with additional priors as, for example, second or-

7



8 adapted cs by using additional priors

Figure 2: Block scheme of the CS processing chain with the clasification used
in this work.

der statistic or structural sparsity. In this work, the CS adaptations are

organized in three categories depending on which part of the system

is modified with respect with the standard CS as illustrated in the

Figure 2.

A different framework has been introduced in [50]. In this approach

the correlation profile of the sensing stage is adapted with that of the

input signal preserving the fundamentals requirements of the Std-CS

for the reconstruction. The exploted prior is the second order statistic

of the input signals. Here, the signal correlation matrix is estimated

and analyzed to assess how much the process generating signal in-

stances deviates from a purely random process with a flat spectral

profile. This deviation is called localization [49, 50]. The idea of the lo-

calization is represented in the Figure 3, where the signals are points

on the surface of a sphere. The Figure 3 (a) refers to a signal x that

is uniformly distributed over the whole surface, while Figure 3 (b)

refers to a localized signal, there the probability of a point on the

surface to be a signal instance is not uniform.

Interestingly, the localization is not an unusual property. In fact,

almost all real-life signals are localized [7].

Formally, consider the n× n input signal correlation matrix X =

E[xx>] =
∑n−1
j=0 µjuju

>
j , with eigenvalues µ0 > µ1 > µ2 · · · >

µn−1 > 0 ∀j ∈ {0, 1, . . . ,n − 1} corresponding to the orthonormal

eigenvectors u0,u1, . . . ,un−1. A signal is localized if the eigenvalues
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(a) (b)

Figure 3: Instances of a) a purely random signal and b) a localized signal
represented by points on the sphere surface.

µj are not equal to each other, and is quantified by computing the

deviation of each eigenvalue from the isotropic case by

Lx =

n−1∑
j=0

(
µj

tr (X)
−
1

n

)2
=

tr (X)2

tr2 (X)
−
1

n
(5)

where tr(·) stands for matrix trace. When the signal presents an uni-

form energy distribution (instances of a white random stochastic pro-

cess) the localization is null, while the maximum localization (Lx ≈

1) is reached when the signal energy is concentrated in one direc-

tion. Following this, the equation (5) provides a localization range of

Lx ∈
[
0, 1− 1

n

]
. If x is localized, the directions where the signal is

most probably concentrated are identified from X. Nevertheless, it is

important to highlight that also the less energetic directions have to

be explored over the whole space signal. This is crucial to guarantee

a correct reconstruction of any possible instance x, and this trade-off

between focus-exploration is not a trivial issue.

2.0.1 Rakeness CS-based

In general terms, the Rak-CS approach discussed in [50] exploits this

trade-off adapting the statistical distribution of the rows of the ma-



10 adapted cs by using additional priors

trix A to the features of the signal x. In particular, Rak-CS gener-

ates the rows of A randomly enough to redress the balance to the

exploration side and not go against to the fundamental precepts of

the standard CS theory. To formalize this concept, let us define a

generic row of A as a = (a0,a1, . . . ,an−1)>, with a correlation matrix

A = E[aa>]. The aim of Rak-CS is to maximize the rakeness, defined

as ρ = Ea,x[(a
>x)2], i.e., the average energy collected by a generic

entry of the measurement vector a>x, under the assumption that the

rows of A are still randomly enough.

The randomness of a is guaranteed by imposing a cap on the local-

ization La of the generic row a by means of the parameter l > 0.

Mathematically, the rakeness optimization problem [50] is analyti-

cally solved in terms of eigenvalues and eigenvectors of A (λj and

vj, respectively) as

vj = uj

λj =
1

J

1+ Jµj − Σ1(J)√
Σ2(J)−

1
JΣ
2
1(J)

γ− 1
J

 (6)

which holds for j = 0, 1, 2, . . . , J− 1, where J is an integer such that

J = max{j|λj−1 > 0} and λj = 0 ∀j > J. Also, (6) depends to the

partial sums Σ1(J) =
∑J−1
j=0 µj and Σ2(J) =

∑J−1
j=0 µ

2
j , γ is defined as

γ =
1

n
+

l2Lx

(1−nµj)2
(7)

A typical value for the localization scaling parameter l is l = 0.5 [7].

Finally, the correlation matrix A is given by

A =

J−1∑
j=0

λjvjv
>
j (8)
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while the corresponding process generation rows of A possesses a

localization equal to1

La =

(
l

1−nµn−1

)2
Lx.

The limitation of this approach is that the correlation profile of all

the rows of A is adapted to the one of the input signal. So, dealing

with highly localized signals could result in redundancies in terms

of information of the measurement vector. In this case, the rows that

conform A tends to be very similar to each other, resulting in mea-

surements with almost the same information. This scenario has to be

avoided by lowering the value of l with respect to the typical values

suggested in [49, 50].

2.0.2 Nearly Orthogonal CS-based

As previously described, the key feature to deal with localized signals

is the balance between focusing the projections to the most energetic

directions and the exploration of the whole signal domain. Another

solution to handle this trade-off is the NeO-CS approach discussed

in [49] where the rows of the matrix A posses the same statistical

distribution of x. This implies La = Lx.

To reduce redundancy in measurements, a lower bound is imposed

on the angles between all couples of rows that compose the matrix A.

Formally, indicate with aj and ak two rows of the matrix A. The

cosine of the angle α = âjak between them is cos(α) =
a>j ak

||aj||2||ak||2
.

NeO-CS restricts the matrix A to be composed by couples of rows

such that |cos(α)| 6 c only. In [49] authors suggest to generate all

m rows of A iteratively. Each new row is randomly obtained; if it

1 La is computed as in (5), where λj replaces µj and where tr(A) = n to be compliant
with the generation of antipodal sequences.
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satisfies the geometric constraint with respect to all rows already gen-

erated, it is added to A. Otherwise, it discarded, and a new row is

generated and tested.

An approximation of the probability to generate a new row whose

angle with another row has a cosine smaller than c is explained in

detail in [49] and given by

Pr{|cos(α)| 6 c} = erf

 c√
2
(
La +

1
n

)
 . (9)

The probability to generate a new row that satisfies the geometric con-

straint when more than one row has already been generated rapidly

decreases with the number of rows.

Let us indicate with Z the number of iterations necessary to gen-

erate all m rows of A. According to [49], when we deal with a high

localized signal, a better performance in the reconstruction stage is

achieved when a smaller value of c is imposed; however, the diffi-

culty to generate the matrix A also increases considerably, and so, the

expected value of Z. Although the matrix A can be generated offline

and locally stored, it is important to consider if the increase in the per-

formance justifies a possible huge computational effort. For instance,

Figure 6 shows the average number of iterations E[Z] required to ob-

tain a new row of A as a function of the total number of rows m with

c = 0.1875 and for n = {128, 256}, obtained by montecarlo simulations.

The figure also reports profiles obtained by data extrapolation (solid

line) that evidences that E[Z] > 106 is necessary to get a compression

ratio CR = n/m = 2. If we limit Z to be less than a certain Zmax,

NeO-CS could hardly be applicable with certain c values. From a ge-

ometric point of view, in the case of La = 0, antipodal vectors can

be represented by points uniformly distributed on the surface of a
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Figure 4: Average of the number of iterations E[Z] to gen-
erate the rows of the matrix A using NeO-CS
with c = 0.1875 and two different values of
n. The threshold value E[Z] = 106 is also in-
dicated.

Figure 5: Average of the angle between two rows as a
function of n.

multi-dimensional sphere. As a results, when n increases, the angle

between a couple of rows increases up to π
2 . However, for La > 0, the

points are not more uniformly distributed on the surface and their

distribution concentrates according to the assigned correlation ma-

trix. The observable effect is that the average value of α, E[α], slowly

approaches the angle π
2 . This is the reason why when La increases

the difficult to generate the rows of A increases as well. The impact

of both localization and n is shown in Figure 5, that depicts the E[α]

profiles as a function of n for La = (0.001, 0.002, 0.005, 0.01). As one

can observe, as n increases also E[α] increases, but the speed of con-
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Figure 6: Average of the number of iterations E[Z] using
NeO-CS approach with c = 0.1875 and two dif-
ferent values of n.

vergence of E[α] to the π
2 asymptotic limit strongly depends on the

localization value.

2.0.3 Nearly Orthogonal Rakeness CS-based

With the aim to propose a new focus/exploration trade-off, we in-

troduce the Nearly Orthogonal Rakeness-based (NOR-CS) approach.

This method exploits the geometric constraints that characterize NeO-

CS, and mitigate the hardness in generating the m rows of A by ex-

ploiting the localization as in the Rak-CS approach mathematically

described by (6), i.e., by re-introducing the l parameter that scales the

localization imposed to the A rows.

With NeO-CS we limit the maximum number of iterations that are

allowed to generate a new row of A by Zmax, NOR-CS tries to exploit

as much as possible the same geometric constraint introduced before

where the hardness of a new generation is imposed on average, i.e.,

E[Z] 6 Zmax. If this cap cannot be ensured, the localization of the

next generated row is reduced by scaling the value of l.

For a known class of signal, i.e., for a known Lx, the hardness to

generate the m̂-th row of A with a given value of c has been modeled

by the probability p that a process with a correlation profile evaluated
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n = 128, m̂ = 35

c = 0.1094 c = 0.1563 c = 0.2031 c = 0.25

l = 0.163 5.48·10−4 0.0897 0.5199 0.8731

l = 0.281 2.82·10−4 0.0609 0.4657 0.8345

l = 0.415 1.00·10−4 0.0360 0.3466 0.7711

l = 0.490 4.55·10−5 0.0229 0.2874 0.7147

l = 0.616 9.61·10−6 8.50·10−3 0.1779 0.5753

l = 0.711 2.51·10−6 3.90·10−3 0.1155 0.4763

l = 0.817 4.72·10−7 1.30·10−3 0.0621 0.3425

l = 1.010 2.34·10−8 1.21·10−4 0.0154 0.1620

l = 1.370 1.36·10−10 5.07·10−7 4.68·10−4 0.0185

l = 1.493 8.23·10−12 1.25·10−7 1.07·10−4 7.10·10−3

n = 128, m̂ = 50

c = 0.1094 c = 0.1563 c = 0.2031 c = 0.25

l = 0.163 1.94·10−5 0.0308 0.3882 0.8223

l = 0.281 7.43·10−6 0.0173 0.3342 0.7697

l = 0.415 1.69·10−6 8.30·10−3 0.2159 0.6911

l = 0.490 5.36·10−7 4.30·10−3 0.1666 0.6190

l = 0.616 5.63·10−8 1.00·10−3 0.0831 0.4501

l = 0.711 8.02·10−9 3.38·10−4 0.0448 0.3423

l = 0.817 7.06·10−10 7.05·10−5 0.0183 0.2135

l = 1.010 9.52·10−12 2.16·10−6 2.50·10−3 0.0733

l = 1.370 6.01·10−15 7.36·10−10 1.60·10−5 3.20·10−3

l = 1.493 1.01·10−16 1.06·10−10 1.90·10−6 8.24·10−4

n = 256, m̂ = 60

c = 0.1094 c = 0.1563 c = 0.2031 c = 0.25

l = 0.154 8.00·10−3 0.4887 0.9338 0.9972

l = 0.273 2.50·10−3 0.3373 0.8789 0.9869

l = 0.405 2.75·10−4 0.1500 0.7363 0.9606

l = 0.500 3.45·10−5 0.0670 0.5501 0.9147

l = 0.600 2.75·10−6 0.0191 0.3752 0.8306

l = 0.708 1.22·10−7 4.00·10−3 0.1867 0.6700

l = 0.823 2.30·10−9 4.71·10−4 0.0696 0.4362

l = 0.972 1.17·10−11 1.93·10−5 0.0131 0.2027

l = 1.386 4.00·10−19 2.12·10−10 1.05·10−5 3.70·10−3

l = 1.603 2.05·10−20 8.35·10−14 7.30·10−8 1.68·10−4

n = 256, m̂ = 90

c = 0.1094 c = 0.1563 c = 0.2031 c = 0.25

l = 0.154 6.82·10−4 0.3413 0.9026 0.9958

l = 0.273 1.19·10−4 0.1946 0.8244 0.9798

l = 0.405 4.23·10−6 0.0569 0.6309 0.9409

l = 0.500 1.83·10−7 0.0169 0.4036 0.8739

l = 0.600 4.01·10−9 2.50·10−3 0.2272 0.7564

l = 0.708 3.69·10−11 2.46·10−4 0.0792 0.5472

l = 0.823 8.91·10−14 9.74·10−6 0.0181 0.2859

l = 0.972 2.91·10−17 7.79·10−8 1.50·10−3 0.0902

l = 1.386 1.20·10−28 2.38·10−15 3.13·10−8 2.16·10−4

l = 1.603 1.94·10−30 1.47·10−20 1.66·10−11 2.10·10−6

Figure 7: Values extracted from the Fp(c, l, m̂) look-up table with Lx = 0.01.

with (6)(7) will generate a row for which the geometric constraint

holds with the m̂− 1 already generated rows. Mathematically, fixed

a-priori the values of Lx and n, p is a function of the cosine value c, of

the localization scaling factor l, and of the number of step m̂. Due to

the complexity in computing a closed-expression for p, we evaluated

it by means of a look-up table p = Fp(c, l, m̂) that has been estimated

by Montecarlo simulations for the two values n = 128 and n = 256.

Some values of the lookup table have been reported in Figure 7.

The algorithm we propose to generate A according to the NOR-CS

approach and limiting the (expected) number of iterations to Zmax

is briefly described as follows, and summarized in Algorithm 1. The

key feature is that the value of l is initially set to the desired value l0.

We use l = l0 until the hardness of generating a single row exceeds a

threshold pmin (computed according to the desired Zmax). After that,
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by means of the proposed look-up table, l is reduced to the maximum

value that still ensure p > pmin. In detail:

1. First, c and the hardness pmin to generate the rows are fixed.

2. The first antipodal row is generated with an initial correlation

profile evaluated by (6)(7) where l is equal to l0.

3. The probability p to generate the next row is obtained from the

look-up table p = Fp(c, l, m̂). If p > pmin, the row is generated

with the same value of l as the previous row. Otherwise, a max-

imum value of l is calculated by exponential interpolations of

the values in the look-up table such that p > pmin holds. With

this new value of l, (6)(7) is evaluated and the row is generated.

As an example, an instance of the matrix A generated by each

method is showed in the Figure 8 trying to match the localization

of a low-pass input signal x. The matrix generated with the Std-CS

(Figure 8 a)) shows a purely random distribution. In the case of the

matrix generated with Rak-CS and NeO-CS (Figure 8 b) and 8 c)) re-

spectively), a low-pass profile is clearly identifiable. Yet, it is possible

to see that sequences generates by NeO-CS is more localized than

that obtained with Rak-CS due to higher localization. The Figure 8

d) shows the matrix generated by NOR-CS, where is possible to vi-

sualize how first rows are highly localized and then, gradually the

localization decreases every certain numbers of rows.

Note that, among the many methods known to generate antipodal

sequences with a certain correlation profile [13, 64, 65], the Rak-CS,

the NeO-CS and the NOR-CS cases in the above example have been

generated using the clipping of Gaussian instances [36, 72]. Basically,

a n × n correlation matrix G = sin
(
π
2
nA

tr(A)

)
is used to generate a

zero mean Gaussian vector g, such that antipodal aj are computed

by clipping the elements of g.
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Input : l0, c,pmin,m.
l← l0
A← equation (6)(7)
A(1, :)← generate the first antipodal row with A

for i = 2 to m do
p = Fp(c, l, i)

if p < pmin then
l← arg max

l̂
Fp(c, l̂, i) > pmin

A← equation (6)(7)
end
A(i, :)← generate antipodal row with A

end
Output : A

Algorithmus 1 : Nearly Orthogonal Rakeness CS-based
pseudocode

(a) Std-CS. (b) Rak-CS.

(c) Neo-CS. (d) NOR-CS.

Figure 8: Matrix A generated with the different approaches. Black dots cor-
respond to +1, white dots to -1.

The reconstruction problem, either in the form of (1) or (2), can be

easily solved by mapping it into a linear programming problem by

using general purpose solvers as `1-MAGIC [12] and SPG-`1 [3].





3
N U M E R I C R E S U LT S

3.1 numeric results

Performance of all the approaches described above is provided through

Montecarlo simulations. For each instance, we compute the Recon-

structed Signal to Noise Ratio (RSNR) as the ratio between the energy

of the input signal x and the energy of the difference between x and

the reconstructed signal x̂ expressed in dB. Starting from these data

we evaluate the Average RSNR (ARSNR)

ARSNR = EA,x

[
20 log10

(
||x||2

||x− x̂||2

)]
(10)

and by the Probability of Correct Reconstruction (PCR)

PCR = Pr{RSNR > RSNRmin}, (11)

this estimates the probability that the RSNR exceeds a minimum

value.

3.2 test in synthetic signals

To prove the performance of the NOR-CS and compare it with the

other approaches mentioned above, the methods are tested with syn-

thetic low-pass signals. Basically, n-dimensional instances x, localized

and k-sparse in a certain basis S are generated starting from an in-

stance of a random vector x ′ with zero mean and correlation ma-

19
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trix X ′. Computing ξ ′ = S−1x ′, we obtain ξ by keeping only the k

higher absolute values in ξ ′. Finally, the synthetic signal is obtained

as x = Sξ. The correlation matrix X ′ is expressed as a Toepliz matrix

X ′i,j = r
β
n |(i−j)| ∀i, j ∈ {0, 1, . . . ,n− 1}, with r ∈ [0, 1], x ′ is a chunk of

a stationary stochastic process with low pass profile. The factor β is

empirically imposed to prevent an abrupt decay of the profile when

n is large. In this work, the Discrete Cosine Transform (DCT) is used

as the orthonormal basis S and the setting of the parameters to gen-

erate the synthetic signals are reported in the Table 1 including the

corresponding values of Lx.

Table 1: Parameter settings to generate the synthetic signals.

Sparsity Basis n r k β Lx

DCT 128 0.7 12 150 0.026

DCT 256 0.7 25 150 0.024

For the Rak-CS approach we use the typical value l = 0.5 [7], with

NeO-CS, for each value of c, we have limited the number of iterations

to Zmax = 105 to generate a new row m̂. As pmin for NOR-CS we

adopt 10−3, i.e, the expected average value of trials to be used for

each row generation is 103. Once the parameters are established, for

each method, 100 instances of the matrix A were drawn, each of them

encoding 20 different instances of x. Also, non-idealities were mod-

eled adding white Gaussian noise to each input vector x adapted to

an Intrinsic Signal to Noise Ratio (ISNR) equivalent to 60 dB. For the

estimation of the PCR in (11), we consider a value RSNRmin = 55 dB.

Finally, the instances are reconstructed solving (1) with the SPGL1

toolbox1. Tuning of c for both NeO-CS and NOR-CS is done in order

to reduce as much as possible the number of measurements required

to obtain a PCR = 0.95. We refer to each of them value as mmin.

1 This tool is available online in https://www.cs.ubc.ca/$\sim$mpf/spgl1/download.
html

https://www.cs.ubc.ca/$\sim $mpf/spgl1/download.html
https://www.cs.ubc.ca/$\sim $mpf/spgl1/download.html
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(a) (b)

(c) (d)

Figure 9: Performances in terms of ARSNR for a) n = 128 and c) n = 256

and PCR for b) n = 128 and d) n = 256 between the Std-CS and
the optimized CS approaches. NeO-CS and NOR-CS are evaluated
with the best values of c reported in the Table 2.

Performances are shown in the Figure 9, where we can observe that

the ARSNR and the PCR of all the optimized methods mentioned

above have a better performance than the Std-CS approach, that is

why from now only the optimized methods will be considered. In

Figures 9 c) and 9 a) we can observe a similar performance in ARSNR

for NeO-CS and NOR-CS, both were evaluated with the best value of

c reported in the Table 2. Also, we can observe in the figure that NeO-

CS and NOR-CS slightly outperform the Rak-CS. Interestingly, the

Figures 9 b) and 9 d) shown a notably better performance in terms

of PCR for NOR-CS compared with the other methods. Same results

are in the Table 2, where NOR-CS shows a very positive impact in the

reduction of mmin.

In the Figure 10 a) we can observe how the localization is reduced

by the parameter l in the process to generate the matrix A by three

different versions of NOR-CS. This localization profile corresponds

to the setting that provides the better performances reported in the
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Table 2: Best performances for NeO-CS and NOR-CS.

Approach l0 n = 128 n = 256

c mmin c mmin

NeO-CS 1.0 0.2031 51 0.2031 104

NOR-CS
0.5 0.1250 39 0.1328 85

1.0 0.1406 38 0.1484 81

1.5 0.1406 39 0.1328 83

Table 2 with n = 256, the constant values of l for the NeO-CS and

Rak-CS are included only as a reference. In addition, we can observe

in the Figure 10 b) the average of the number of iterations E[Z] as a

function of m according with the localization profile showed in the

Figure 10 a). As was expected, the computational effort to generate

a new row with NOR-CS is approximately constant after a certain

number of row generation.

(a) (b)

Figure 10: a) Values of l along the matrix A generation, b) Average of the
number of iterations E[Z] of the optimized CS methods with geo-
metric constraints.

According with the Table 2 the NOR-CS with l0 = 1 presents a

slight outperformance from the other versions (at least dealing with

synthetic signals). For this reason, from now we refer generally to

NOR-CS implying l0 = 1. In Table 3 we also report values of c that

maximize the PCR for same reference values ofm. This table includes

the corresponding final l values as well as performance for the Rak-

CS where the observed average values of c are included. This is also
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the case of the last proposed comparison in Figure 10. Here, c is the

value that maximize the performance for each considered number

of rows in A. The Figure 11 a) shows that the NOR-CS approach

presents a performance not different from NeO-CS in terms of AR-

SNR and both NeO-CS and NOR-CS have an outperforming with

respect to the Rak-CS. However, the Figure 11 b) provides a consider-

able better performance of the NOR-CS in terms of PCR than NeO-CS

and Rak-CS.

(a) (b)

Figure 11: ARSNR for and PCR with the optimum values of c that maximize
the performance in each row.

Table 3: Best value of c to obtain the best PCR in each row where: i) l values for
NOR-CS indicate the observed final values with l0 = 1; ii) performance
for Rak-CS include observed average value of c, µ(c).

NOR-CS NeO-CS Rak-CS
m c l PCR c l PCR µ(c) l PCR

80 0.1328 0.3621 0.8455 0.1875 1 0.7981 0.3699 0.5 0.6075

90 0.1484 0.4319 0.9520 0.1953 1 0.8745 0.3705 0.5 0.8050

100 0.1406 0.3439 0.9870 0.2031 1 0.9094 0.3710 0.5 0.9065

110 0.1484 0.3806 0.9995 0.2031 1 0.9359 0.3713 0.5 0.9705

3.3 test in synthetic ecg signals

The approaches are tested also with electrocardiographic (ECG) sig-

nals. This real-life signals comply with the requirements of highly

localization and sparsity; at the same time, they are the center of in-
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Figure 12: CS based system.

terest for the improvements in the bio-medical prototypes. An ECG

signal is a graphical representation of the potential generated by the

activity of the heart. This signal is obtained by electrodes attached

to the surface of the skin in specific places. A cycle of ECG signal

is composed by the P wave, which represents the depolarization of

the atria, the QRS complex, which represents the ventricular depolar-

ization, and the T wave, which represents the repolarization of the

ventricles [46] as is shown in the Figure 12.

The ECG signal is obtained by a synthetic generator discussed

in [52]. This generator provides signals without noise, the Gaussian

noise is added empirically, and it is chosen considering an environ-

ment realistic. The Gaussian noise is added with 40 dB SNR. The

heart rate is randomly selected in the range of 50 and 70 Hz and a

sampling rate = 256 Hz. The sparse basis is obtained with the Symlet-

6 Wavelet. For each value of c, the number of iterations is limited to

Zmax = 105, for the Rak-CS the typical value l = 0.5 is used

For the estimation of the PCR in (11), we consider a value RSNRmin =

35 dB. Also, c is tuned for both NeO-CS and NOR-CS to reduce as

much as possible the number of measurements mmin required to ob-

tain a PCR = 0.95. Performances in terms of ARSNR and the PCR

of the optimized methods are shown in the Figure 13. NeO-CS and

NOR-CS are evaluated with the best values of c reported in the Table

2. Particularly, in this kind of signal we can observe some interesting

things. There is no considerable difference ofmmin and the best value

of c is relatively large between NeO-CS and NOR-CS, which means
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geometric constraints do not have a big impact to improve the perfor-

mance both in PCR and ARSNR. This can be proved by evaluating

the Rak-CS with l = 1. The explanation is because this type of ECG

is highly localized, that is, most of the signal energy is concentrated

in a specific region in the signal space.

(a) (b)

Figure 13: Performances in terms of a) ARSNR and b) PCR for n = 256
between the optimized CS approaches.

It is necessary to evaluate if the slight increase in performance is

worth the computational effort required by the geometric constraints

based CS adaptations. At this point we have had a successful result

using synthetic low-pass signals and not very blunt result with ECG

synthetic signals. Therefore, bellow a test with a less localized signal

will be proposed.

3.4 test in eeg signals

In addition, the reconstruction of electroencephalograph (EEG) sig-

nals is tested to demonstrate the effectiveness of the NOR-CS. An

EEG is a set of signals recorded from several electrodes on the scalp to

analyze the brain activity. These signals provides information to iden-

tify different brain conditions and is useful to monitor the patient’s

health and diagnosis in the neuroscience, cognitive science and cog-

nitive psychology areas. In particular we focus on Evoked Potentials

(EPs), that consist in recordings of the electrical activity of the brain
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Figure 14: CS based system.

following an repetitive auditory stimulus with a time interval of 1 s

between them to evaluate the auditory perceptual threshold [67, 68].

However, the individual responses of a spontaneous EEG are visually

indistinguishable, for this reason the analysis of EPs suggests that the

ensemble of the signals post-stimuli (epochs) has to be averaged to

detect the response of the auditory stimulus. A possible scenario is

showed in the Figure 14, where the EEG of the patient is collected

by sensors of a battery-powered system. Due to the amount of in-

formation that each channel generates, the compression stage plays

an important role for energy saving. It is proved that systems based

in CS techniques are characterized by a low energy consumption in

portable devices because the rate of the output data is reduced consid-

erably [51, 57]. A properly designed sensing matrix A could greatly

reduce the data to be transmitted or stored without compromising

the quality of the input signal (in this case without compromise the

correct EEG interpretation).

The data set consists in EP recordings from a normal-hearing pa-

tient subjected to an auditory task. Basically, the test consists of listen-

ing speech syllables in one second intervals. The EEG acquisition was

collected by 23 channels according the International 10/20 system of

electrode placement and two channels used as noise reference to re-

ject ocular artifacts. Each channel is organized in 700 epochs divided

in two parts, the first 350 epochs are used as Training Set (TS), while
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the second half named Data Set (DS) is used to test the CS-based

approaches. According to [68] the channel Cz gives the strongest au-

ditory response. However, also the reconstructions of the channel FC6

are compared . The associated correlation matrix is calculated by (6)

from the average denoised signal of the TS as in [4] using [83–85] to

remove the artifacts.

To estimate the reconstructions quality, the Mean Squared Error

(MSE) is used MSE = 1
n

∑n
i=0(xi − x̂i)

2 that is, the average squared

difference between the original signal x and the reconstructed signal

x̂, where x represents the average of the raw signals and x̂ is the av-

erage of the reconstructed signals. The MSE is estimated for three

values of CR = {4, 8, 16}, that is, m = {64, 32, 16}. Results in the Tables

4 and ??confirm that all optimized CS approaches have a better per-

formance than the Standard CS. Remarkably, approaches based on ge-

ometric constrains present a better performance in terms of MSE than

the Rak-CS. However, the proposed NOR-CS approach with l0 = 1.5

presents the best performance among the optimized CS approaches.

Note that for MSE, lower values correspond to a higher quality.

Table 4: Performance of the CS methods on EEG signals (Channel Cz).

Std-CS Rak-CS NeO-CS NOR-CS

m MSE (µV2) MSE (µV2) MSE (µV2) c MSE (µV2) c

16 1.3065 0.8274 0.6954 0.1875 0.5859 0.1641

32 1.2055 0.6793 0.4246 0.1953 0.3827 0.1875

64 0.7580 0.3175 0.1852 0.1641 0.1435 0.2266

To visualize the performance related to the acquisition and recon-

struction of the EPs, consider the case with m = 16. Figures 15 a) and

15 a) show that the matching between the average reconstructed EPs

using the Std-CS is very poor. The matching is improved using the

Rak-CS as we can observe in the Figures 15 b) and 16 b); however,

Figures 15 c) and 16 c) show that the quality of the reconstruction
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Table 5: Performance of the CS methods on EEG signals (Channel FC6).

Std-CS Rak-CS NeO-CS NOR-CS

m MSE (µV2) MSE (µV2) MSE (µV2) c MSE (µV2) c

16 1.0953 0.7290 0.6281 0.2344 0.6043 0.1484

32 0.9114 0.6326 0.5394 0.2344 0.5146 0.1484

64 0.7299 0.4732 0.4215 0.2109 0.3450 0.2109

using the Rak-CS is outperformed by the NeO-CS. As highlighted by

the Figures 15 d) and 16 d), the best performance is given by the NOR-

CS, where the peaks of the auditory stimulus are easier to distinguish

than those given by the other approaches.

(a) (b)

(c) (d)

Figure 15: Comparison between the Average of the EEG raw signals x and
the average of reconstructed signals x̂ with m = 16 for a) Std-CS,
b) Rak-CS, c) NeO-CS and d) NOR-CS for the channel Cz.
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(a) (b)

(c) (d)

Figure 16: Comparison between the Average of the EEG raw signals x and
the average of reconstructed signals x̂ with m = 16 for a) Std-CS,
b) Rak-CS, c) NeO-CS and d) NOR-CS for the channel FC6.





4
C O N C L U S I O N

In this first part, a critical review of the state of the art of the op-

timized CS methods in the sensing stage (Rakeness-based CS and

Nearly Orthogonal-based CS). Advantages and limitations using these

methods to generate the sensing matrix are discussed. In addition a

new algorithmic solution named Nearly Orthogonal Rakeness-based

CS is proposed with the aim to overcome the limitations founded in

the methods reviewed. This technique allows to exploit the geometric

constraint as much as possible characterizing the sensing sequences

of A with an adapted localization. After intensive simulations with

synthetic low pass signals and electroencephalographic signals, the

performances of all the methods discussed in this paper were com-

pared. Results shows a remarkably better performance in therms

of PCR of the proposed approach using synthetic low pass signals.

Also, results demonstrate that electroencephalographic signals recon-

structed with the proposed method present the best quality regard-

less the compression ratio. For this reason, using a high compression

ratio, NOR-CS it can be considered as a suitable method to identify

Evoked Potentials.
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Part II

D N A A N A LY S I S

This part provides general concepts of biology and cur-

rent developments in bioinformatics. Questions like what

a sequencer does?, What kind of data it produces? and

How is analyzed this data? are intended to be answered.

An important fact about human genomes is that, if two

genomes corresponding of two unrelated human beings

are compared, the sequences are very similar (about 99.8%

- 99.9% similar), that is about one or two differences every

1000 bases, for this reason the someone else’s genome can

be used as kind of template. The Human Genome Project

was an international scientific research project to identify

and map the human genome, this can help us to under-

stand how different are two human genomes? and how

is the genetic predisposition linked to different diseases?.

This developments in bioinformatics use powerful com-

putational techniques to align the assemble the data with

a reference sequence to find mutations, gene expression,

or single nucleotide polymorphisms (SPNs), that are the

most common genetic variations. Another reliable tech-

nique used in the analysis of the DNA without sequenc-

ing is the High Resolution Melting (HRM) analysis, this

technique is used to find differences between two strands

of DNA. HRM is also discussed to finally design a HRM

analysis software.
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I N T R O D U C T I O N

Deoxyribonucleic acid (DNA) is the biological molecule that stores

genetic information in the cell of each organism. The DNA is a poly-

mer, which means that it consists of repeating units called nucleotides.

Each nucleotide consists in three parts: a deoxyribose sugar, a nitroge-

nous base and a phosphate group. There are four different types of ni-

trogenous bases: Adenine, Guanine, Cytosine and Thymine (A, G,

C, T). Adenine and Guanine are purines while cytosine and thymine

are pyrimidines. Two nucleotides of the same strand are connected

via phosphodiester bond between the 3rd carbon of the deoxyribose

sugar of one of them and the 5th carbon of the deoxyribose sugar

of the next nucleotide. In a like manner, a single strand of DNA (ss-

DNA) can combine with another complementary (hybridization) to

form the double helix structure typical of DNA. This connection is

possible with hydrogen bonding between the nitrogenous of each base

forming the double-stranded DNA (dsDNA). Guanine-Cytosine (GC)

pairs are bounded by three hydrogen bonds, while Adenine-Thymine

(AT) pairs are bounded by only two hydrogen bonds. The structure

of de DNA is illustrated in the Figure 17.

The human genome is organized into a 23 pairs of chromosomes

(maternal and paternal set) that encode in a kind of recipe the func-

tional proteins. Amazingly, the human genome contains an approx-

imate of six billion nucleotides, and all the ∼trillion cells of the hu-

man body of different types (blood, skin, hair, brain. etc.) contain

the same molecular blueprint. Due to the importance of DNA to life

has spurred developments to obtain new methods for the analysis
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Figure 17: Structure of the DNA.

and interpretation of this molecule. Sequencing Technologies used to

read the genome can be classified in two generations. First genera-

tion sequencing whit the Sanger (Chain termination sequencing) [30]

and the second generation (2007) with the NGS (Next-Generation Se-

quencing).

5.1 dna sequencing

In order to explain the DNA sequencing consider the representation

of DNA as a chain of lego pieces as is shown is the Figure 19.

Figure 18: DNA representation.

In the DNA replication process two identical replicas of DNA are

produced from one original DNA molecule. First, the double-stranded

DNA splits into two complementary strands (Figure 19).
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Figure 19: Representation of DNA denaturation.

Each single-strand acts as kind of template for the production of

its counterpart. There are many proteins associated with the DNA

replication, but the most prominently is the DNA polymerase. This

enzime synthesizes the new strands by adding complementary nu-

cleotides. That is, given one of these single-stranded templates DNA,

polymerase biulds the complementary strand piece by piece resulting

in a new double-stranded. If this process is done this for both of the

template strands, two double stranded copies of the original DNA

are obtained. Following the lego example, this process is shown in

the Figure 20.

Figure 20: Representation of DNA replication.
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5.1.1 Sanger sequencing

Sanger sequencing is a method for determining nucleotide sequences

in DNA developed by Frederick Sanger in 1977 [30]. This technique

incorporates dideoxynucleotides which act as specific chain-terminating

inhibitors of DNA polymerase. This method requires a single-stranded

DNA template mixed with a DNA primer, DNA polymerase, nor-

mal deoxynucleotidetriphosphates (dNTPs) and modified dideoxynu-

cleotidetriphosphates (ddNTPs). The dNTPs differ from ddNTPs be-

cause the latter lack a 3’-OH group required to form the phosphodi-

ester bond between two nucleotides as is illustrated in the Figure 21

(a) (b)

Figure 21: a) Dideoxynucleoside trhyphosphate (ddNTP), b) Deoxinu-
cleotide 5’ triphosphate.

The ddNTPs are radioactively or fluorescently labelled for detec-

tion in automated sequencing machines. In general terms, Sanger se-

quencing can be summarized as follows:

• Figure 22 shows the first step, where the double helix structure

of the DNA is separated (denaturized) with sodium Hydroxide

NaOH and a single strand is chose.

Figure 22: Denaturation of the DNA.
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• Then, the couple of single strands of DNA are mixed with a

labeled DNA primer, DNA Polimerase, all four types of deox-

inucleotide 5’ triphosphates (dATP, dGTP, dCTP, dTTP) and a

tiny quantity of one specific Dideoxynucleoside trhyphosphate

(ddATP, ddTTP, ddCTP or ddGTP) (approximately 1% respect

to the deoxinucleotide 5’ triphosphates).

• Previous step is repeated for the other three remaining ddNTPs.

• Once the four reactions are completed, the resulting DNA frag-

ments are heat denatured and separated by size using gel elec-

trophoresis. Each reaction mixture is placed into a lane to pro-

duce a total of four lanes. The results are transferred onto a poly-

mer sheet, which is then exposed to x-ray autoradiography. The

relative positions of the different bands among the four lanes,

from bottom to top, are then used to read the DNA sequence.

Figure 23 shows the Sanger sequencing process.

Figure 23: Sanger sequencing process.

The Human Genome Project (HGP) was an international scien-

tific research project with the aim of read the entire sequence of

nucleotide base pairs of all the human genome, as well as identify

and mapping all the genes (20,000-25,000), it took over 13 years with



40 introduction

a cost nearly $3 billion dollars using capillary electrophoresis-based

Sanger sequencing. The HGP can help us understand diseases includ-

ing genotyping of specific viruses to direct appropriate treatment,

identification of mutations, the design of medication, advancement

in forensic applied sciences, agriculture, animal husbandry, biopro-

cessing, bioarcheology, anthropology and evolution.

5.1.2 Next-Generation Sequencing

The principle of the Next-Generation Sequencing (NGS) is similar to

that of the Sanger sequencing method, where DNA polymerase adds

fluorescent nucleotides one by one onto a DNA template strand iden-

tified by its fluorescent tag. The difference between the both methods

is the sequencing volume. The advantage of NGS method, known as

shotgun sequencing, is that the genome can be fragmented and se-

quenced in parallel. Massive amounts of data in less time and lower

cost it can be produced whit NGS, while Sanger method only se-

quences a single DNA fragment at a time.

At the beginning, the cost of the NGS method was very high; how-

ever after the HGP the cost of the NGS has decreased incredibly,

outpacing Moore’s Law. In 2014, over 45 human genomes were se-

quenced in a single day for approximately $1000 each. When is evalu-

ated NGS costs, the sample volume for the study has to be considered.

In general, for analyzing only a few (< 20) targets on a few samples,

Sanger sequencing is more useful. For sequencing more than 20 target

regions or high sample volumes, NGS is better. In the Figure 24, the

area above the line represents higher cost-effectiveness with targeted

DNA sequencing compared to Sanger sequencing.

In NGS methods, the DNA polymerase adds of fluorescently la-

beled deoxyribonucleotide triphosphates (dNTPs) into a DNA tem-
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Figure 24: Sanger sequencing vs NGS.

plate strand during sequential cycles in the DNA synthesis. During

each cycle the nucleotides are identified by fluorophore excitation. Se-

quencing Approaches for NGS:

• Pyrosequencing.

• Sequencing by synthesis.

• Sequencing by Ligation.

• Ion Semiconductor Sequencing.

More than 90% of the world’s sequencing data are generated by Il-

lumina sequencing by synthesis(SBS) chemistry. SBS can be summa-

rized in four steps:

• Library Preparation: NGS library is prepared by fragmenting a

DNA sample and ligating specialized adapters to both ends.

• Cluster Generation: Library is loaded into a flow cell and the

fragments are hybridized to the flow cell surface. Each bound

fragment is amplified into a clonal cluster through bridge am-

plification. For example, consider a sequence of DNA obtained

with a blood sample. In this blood sample there are a lot of

cells each with a copy of the genome. Now, imagine that this

DNA string is formed by the sequence: CCATAGTATATCTCG-

GCTCTAGGCCCTCATTT (commonly the sequences are much
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Figure 25: Sequencing step.

longer). In the laboratory the DNA is extracted and fragmented

into little pieces and they taken those short single-stranded tem-

plates and deposit them randomly across a sort of flat surface

like a slide. The Figure 25 shows only one template; however

the slide goes way out in every direction and there are many

template strands attached to the slide.

• Sequencing: Labeled nucleotides are added one by one in a re-

peated cycles, where the cluster is imaged recorded. The emis-

sion wavelength is used to identify the base. In the Figure 26

there is a LEGO version (slice in gray and three template strands)

to explain this step.

Each read is random and is probabilistically expected to overlap

another fragment such that, in theory, the entire genome can be

assembled by algorithms to reconstruct the genomic sequence

of an organism comparing the similarity of the overlapping

reads and pasting these together into increasingly larger, con-

tiguous sequences called contigs. There are three paradigms for

genome assembly: i) Greedy constructions of contigs, ii) Over-

lap layout consensus (OLC), iii) De Brujin graphs.

• Data Analysis: The reads are aligned to a reference sequence by

software. After the alignment, differences between the reference

genome and the sequenced reads are identified. These reads are
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(a)

(b)

Figure 26: a) Sequencing process, b) Images produced by six cycles.

Figure 27: Reads.

very short compared to the length of the input DNA (Figure 27).

For example massively parallel sequencers produce about 100

or 250 base pairs (bp) long, one human chromosome is on the

order of hundred millions bp long. However, this technology

provides millions and millions of these reads, enough to cover

the whole genome many times over, in other words a lot of

redundant information.

Differences between genomes or the predisposition to disease

can be analyzed by sequence alignment. Nevertheless, it is no

easy. This is analogous to putting back together a puzzle, but

with a guide of the picture of the completed puzzle as is repre-
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Figure 28: Puzzle analogy of sequence alignment

sented in the Figure 28. An important fact about human genomes

is that two unrelated persons have very similar genome sequences

(about 99.8% - 99.9%), that is about one or two differences ev-

ery 1000 bases. For this reason, is used the genome sequence of

some person as kind of template or a guide.

Despite the fact that Next Generation Sequencing (NGS) is a pow-

erful tool to read DNA, there is a more accessible, affordable and

faster method for genomics analysis called High Resolution Melting

(HRM) curves capable to find DNA variations without sequencing.

Melting analysis by fluorescence was introduced in 1997 as a method

to differentiate Polymerase Chain Reaction (PCR) products [63] (Ap-

pendix B). Nowadays, thanks to the advances on instruments, fluo-

rescent dyes and software for DNA melting analysis, HRM analysis

has become in a stable and reliable method used for fast identifica-

tion of variants in regions of interest without sequencing [34, 44, 55,

56, 61, 74]. Clinical applications of HRM analysis includes single base

change genotyping, mutation, zygocity, transplant compatibility and

gene espresion [28, 29, 31, 81]. The advantages that HRM offers (faster

and most economic than sequencing) increase its application in plant

research, in particular in food sector e. g. authenticity procedures in

food products and seeds [60, 70, 73].
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H I G H R E S O L U T I O N M E LT I N G C U RV E S A N A LY S I S

6.1 hrm analysis

HRM is based in a fundamental propriety of the DNA: melting i.e.

the propriety of thermal separation (denaturation) and annealing (hy-

bridization) of its double-stranded helical state (dsDNA) and its single-

stranded random coil state (ssDNA). First, Polymerase Chain Reac-

tion (PCR) is used prior to HRM analysis in order to amplify the

DNA region of interest (amplicon). After that, specialized dsDNA

binding dye is added and the DNA section is gradually denatured by

increasing temperature, typically in a range from 55 to 95
◦C in steps

of 0.01 to 0.2 ◦C, where high fluorescence is observed in presence of

dsDNA and poorly fluorescent in the unbound state. At the end of

the experiment, a file with the values of the fluorescence in function

of the temperature of each amplicon is generated and HRM curves

analysis begins.

The principal aim to the HRM analysis software is extract the signif-

icant clinical information extracting the melting curve (background

subtraction and normalization), melting temperature identification

Tm (commonly obtained with the negative first derivative) of these

raw signals and improve methods for clustering and classifying the

results [42, 43, 55, 56]. Also, in order to design a reliable assay in ap-

plications in which the sequence is known (e. g. designing primers),

run the amplicon through software to predict melting curves with

thermodynamic models to know the number of peaks in the deriva-

45
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tive curve could be useful to discard a possible contamination and

not repeat the experiment. [24, 25].

In general the melting curve profile depends of the length of the

strand, GC content, methylation in the CpG islands, sequence and

heterozygosity of the target.

The general flowchart of the HRM analysis is showed in the Figure

29

Figure 29: Flowchart of the HRM analysis.

6.1.1 Melting region identification

Figure 30 a) shows the raw data, this signal has to be processed to

obtain the significant information. Melting region temperature curves

represents the proportion of DNA that is denatured. This section of

the curve is characterized by a significantly increase of the slope and
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finish when the slopes is nearly flat. The task is the location of the

melt start temperature Tstart and the melt end temperature Tend,

this is showed in the Figure b). Identification of the melting section is

absolutely necessary in order to subtract the exponential background

of the raw signal. Commonly, the method used to find the melting

region is based in the angle formed by the curve of the negative first

derivative curve of each curve, this identification can be manually or

with algorithms help. Application of smooth and filtering functions

are recommended in order to decrease the noise produced by digital

differentiation, Savinsky-Golay smoothing filter is used by [55, 56]. In

this work, the angle corresponding to the Tstart is θ1 = 50◦ and for

Tend is θ2 = 20◦. Tstart and Tend are founded by fitting a line in

certain number of points (by default the number of points contained

in 1
◦C) in the negative first derivative curve of the raw data, the angle

formed by the inverse tangent between the points and the baseline of

the x-axis is evaluated repeatedly until θ1 = 50◦ and θ2 = 20◦. In the

program, the user can modify θ1, θ2 and the window of points used

in the fitting.

(a) (b)

Figure 30: a) Raw curve, b) Melting region identification.
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6.1.2 Background subtraction and normalization

As is shown in the figure 30 a), Differences between raw curves be-

longing to different genotypes are difficult to observe. For this rea-

son, Background subtraction is required in order to extract the melt-

ing curves of the raw curves [55, 56, 66]. After that, normalization

is necessary to get a better comparison between the probes. Baseline

method and exponential Background subtraction (EBS) are the two

major methods to extract melting curves from raw data.

6.1.2.1 Baseline Background subtraction

Baseline method consists in the linear approximation of the range

above and below the melting transition L0(T) and L1(T) respectively.

The baseline method uses the following approximation:

M(T) =
F(T) − L0(T)

L1(T) − L0(T)
(12)

where M(T) estimates the melting curve.

Sometimes Base-linear methods fails when L0 and L1 intersect be-

low the graph of F(T) due to its concavity, and the denominator in (12)

goes to zero, leading divergence of M(T). In these case an exponential

model to subtract the background produces better results.

6.1.2.2 Exponential Background subtraction

In the exponential background removal method, the raw melting sig-

nal F(T) is modeled as the sum of the Melting curve M(T) plus an

exponential decaying background B(T)

F(T) =M(T) +B(T). (13)
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Basically, the exponential background subtraction is resumed in the

following steps:

• First, two temperatures TL = Tstart and TR = Tend have to be

identified. Fitting the slope of F(T) at these temperatures, where

TL sufficiently below and TR sufficiently above from the melting

transition temperatures so that the slope is not significantly af-

fected. This is quantified in therms of a radio of derivatives of

F(T) constant for a pure exponential plus a constant, such that

at TL and TR the melting curve component M(T) are effectively

zero

dM

dT
(TL) =

dM

dT
(TR) = 0 (14)

and the slope of the raw fluorescence is completely attributable

to the slope of the background. Differentiating (13)

dF

dT
=
dM

dT
+
dB

dT
, (15)

and joined with (14)

dF

dT
(TL) =

dB

dT
(TL) and

dF

dT
(TR) =

dB

dT
(TR). (16)

• These slopes are used to fit the background by the exponential

function

B(T) = B0 +Ce
a(T−TL) (17)



50 high resolution melting curves analysis

where the argument of the exponential is shifted to TL for nu-

merical stability. The parameters a and C are obtained first dif-

ferentiating (17)

dB

dT
= aCea(T−TL) (18)

and then, evaluating (18) at TL

aC =
dF

dT
(TL) (19)

and TR

aCea(TR−TL) =
dF

dT
(TR). (20)

Dividing (19) and (20) and taking the logarithm to obtain

a =
lndFdT (TR) − ln

dF
dT (TL)

TR − TL
(21)

and substituting a in (19)

C =
dF
dT (TL)

a
(22)

• The melting signal is obtained with the background subtraction

as

M(T) = F(T) −Cea(T−TL). (23)

Finally,the extracted melting curve is normalized as is showed

in the Figure 31. Commonly, the melting curve is re-scaled by

100 to visualize as a percentage with the equation

M(T)normal =
100(M(T) − min(M(T))

(Max(M(T) − min(M(T))
. (24)
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(a) (b)

Figure 31: a) Baselinear background subtraction, b) Exponential background
subtraction.

6.1.3 Melting temperature (Tm) identification

The melting temperature Tm is the temperature where the 50% of

the sample is dsDNA and 50% is ssDNA. Melting temperature Tm is

basically the highest slope of the melting curve, and is determined as

the peak of the negative derivative curve as is showed in the Figure

32.

Figure 32: Melting temperature Tm.
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6.1.4 Difference curve

Other analytical graphic is represented by the Figure 33, it is useful

to make comparisons between the melting curves is the difference

curve. This graph helps to distinguish between genotypes subtracting

a known genotype considered as the reference (also in this program

is supported two or more reference curves) from the another curves.

(a) (b)

Figure 33: a) Difference curve, b) Clustering.

6.1.5 Clustering and classifying melting curves

Although it is true that the experience of the researcher is very im-

portant in order to identify the differences between the probes with

the previous graphs, a flexible software for grouping and classify the

results is necessary. In general clustering is based in computing the

distances between the curves [43, 56]. Automated methods for clas-

sification of the genes are presented in [1, 37, 62]. In this work the

clustering is done from the difference curve using the k-means func-

tion of Matlab as is shown in the Figure 33 b).



7
C O N C L U S I O N

The design of an High resolution Melting Analysis software with the

AppDesigner of Matlab was presented in this second part. To do that,

a brief overview in DNA sequencing techniques is provided in this

work. In the software developed, Baselinear and Exponential back-

ground subtraction is supported, grouping based in the melting tem-

perature identification Tm, average of targets in the difference graphic,

Bio-Rad CFX platforms supported and at the same time is very easy

to use.
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A P P E N D I X





A
G L O S A RY

• Primer: Is a strand of short nucleic acid sequences that serves as

starting point for DNA syntesis

• Nucleotide: One of the structural units of DNA composed by a

sugar, phosphate group and a base.

• Bases: Nucleotides (A (Adenine),G (Guanine),C (Cytocine), and

T (Thymine).

• Base pairs (bp): A measure of length of DNA using the number

of nucleotide pairs.

• Hydrogen bond: In a Hydrogen bond, a hydrogen atom is shared

by two electronegative atoms. These are the strongest type of

intermolecular bonds. The group that contains the H-atom is

the H-bond donor while the group that accept it is the H-bond

accepter.

• Contigs: A stretch of continuous sequence, in silico, generated

by aligning overlapping sequencing reads.

• Oligonucleotide: A short DNA or RNA sequence.

• Genotype: The set of genes of an organism or individual, which

determines one of its characteristics.

• Phenotype: They are the observable physical properties of an or-

ganism.

• Zygosity: Is the degree of similarity of the alleles for a trait in an

organism.
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• Heterozygote: Two different alleles in the two chromosomes of a

gen in a diploid organism.

• Homozygote: Neither allele contains a mutation in the two chro-

mosomes.



B
P O LY M E R A S E C H A I N R E A C T I O N

Polymerase chain reaction (PCR) is a method to make amplify DNA

segments (Genes duplications). This method was developed by Kary

Mullis in 1983 [53] and, nowadays is extremely useful because mil-

lions or billions of copies of a particular DNA segment can be gen-

erated in a short period of time. This DNA segment of interest to

amplify can be very long (i.e. 10,000 nucleotides) and commonly it

is not necessary to know the sequence of DNA segment to be am-

plified (target). However, PCR absolutely requires the knowledge of

the flanking sequences of the segment of interest. PCR requires sev-

eral components and reagents, where the most remarkable are: The

primers (Two different primers are included in the solution one for

each flanking sequence), DNA polymerase and the deoxynucleoside

triphosphates or dNTPs The flanking

sequence is the

segment of DNA

that we do not want

to replicate. It flanks

the target DNA.

Figure 34: DNA sequence conformed by a DNA segment of interest and a
flanking sequence.

Almost all the PCR methods rely on thermal cycling, specifically

DNA melting and enzyme-driven DNA replication. Basically, the PCR

methods can be summarized as follows:

• Denaturation of the double helix. This step consists of heating

the dsNDA molecule in to a range of 95− 98◦ C for about 15

seconds. This gives enough time to separate double-stranded
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DNA template by breaking the hydrogen bonds between com-

plementary bases (DNA melting or denaturation), yielding two

individual strands.

• Annealing of DNA primers. The heated DNA solution is cooled

to 50− 65◦ C, this allows the annealing (hybridization) of the

primers to each of the single DNA template.A DNA primer

anneals beginning

in the 3’ end of each

strand. This because

DNA polymerase

synthesizes in the

direction 5’ to 3’. Figure 35: Annealing of the primers.

• Replication of DNA with heat-resistant DNA polymerase, a spe-

cial DNA polymerase that is heat resistant, such as Taq DNA

polymerase [17], an enzyme from thermophilic bacterium. After

annealing step, the cooled solution is heated to a temperature

of 72◦ C and it begins DNA synthesis of a new DNA strand

complementary to the template by adding free dNTPS from the

solution in the 5’ to 3’ direction on both ends. After one cycle of

PCR, the number of DNA molecules is doubled.

Figure 36: First cycle of PCR.

After two cycles of PCR, four DNA molecules are obtained, in

general: 2n = Number of copies of the original double-stranded

DNA target region (assuming 100% reaction efficiency), where

n is the number of cycles. For example, a reaction for n = 30

results in 230 = 1, 073, 741, 824 DNA copies.
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• Repeat the cycle again by changing temperature.





C
U S E R M A N U A L

• Select Menu I Open file (Ctrl+O) and select the *csv file. Auto-

matically the program split the data contained in the file detect-

ing the amount of probes that were used in the experiment as

well as the temperature resolution. Then, the raw data is plotted.

In this program is possible to visualize two graphics selecting

the Graph 1 or the Graphic 2 with the switch (green circle 38).

By default the cut-off temperatures are established on both the

left and right sides (TL=70 and TR=90) as is illustrated in the

Figure 37. This values can be edited with the Spinner TL (circle

blue) and TR (circle red). Erroneous probes can be discarded of

Figure 37: Graph 1: Raw signals, Graph2: Raw data filtered by the Baseline
value. TL blue vertical line, TR red vertical line.

the analysis with the help of the Microplate check boxes array

or establishing a value of fluorescence in the Baseline line edit

field such that all the curves that are below this value are dis-

carded (also the check boxes are modified). This value in the
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Baseline also can be edited by a slider and is represented by a

black and horizontal line in the Graphic 2 of the figure 37.

Figure 38: Graph 1: Resize , Graph2: Normalization.

• Select Resize in the drop down button of the curves, the raw

signals are visualized in the temperature range established by

TL and TR. Note that the Spinners TL1, TL2, TR1 and TR2 are

now enabled. TL2 represents the melt start temperature, while

TR1 the melt end temperature. The region in the middle of TL2

and TR1 is the melting region temperature of the curves, this

section of the curve is characterized by a significantly increase

of the slope and finish when the slopes is nearly flat. TL2 and

TR2 are used to establish the section to fit the section of the sig-

nal to be removed. In this program a Base-linear Background

subtraction and Exponential Background subtraction are avail-

able.

• Now we can visualize the normalized graphic by selecting Nor-

malization in the drop down button of the curves.

• The Melting temperature Tm is defined as the highest slope of

the melting curve, and is determined as the peak of the neg-

ative derivative curve. Select Derivative to visualize the first

negative derivative of the raw data (Savinsky-Golay smoothing
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filter is used to decrease the noise produced by digital differen-

tiation), selecting Derivative Norm the derivative of the normal-

ized data is observed in the graphic. Tm of each probe is shown

by selecting the amplicon in the List boxes. Select Tm Groups

to obtain a table with the probes that have the same Tm. It is

possible change the name of the groups with Edit name and

OK.

Figure 39: Graph 1: Derivative , Graph2: Highlighted selected probes.

• Other analytical graphic to make comparisons between the melt-

ing curves is the difference curve. This graph helps to distin-

guish between homozygotes and heterozygotes subtracting a

known genotype considered as the reference (target) from the

another curves. Also, the reference curve could be an average be-

tween two or more reference curves. Selecting Difference, the

difference between the curves and one or more targets is plotted.

Targets can be selected through both List boxes. Finally, with the

button Clustering groups are created (with the k-means func-

tion). Edit name and OK.

• Select Save I Figure (Ctrl+S) to save the last plot. This figure

will be saved automatically in the same path of the *.csv file

with the name of the file +/(Raw, Derivative,Difference,...etc.).

In addition, selected curves (List Boxes) can be highlighted with
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Figure 40: Graph 1: Normalization , Graph2: Difference curve.

the button Plot selected as well change their color with Change

Color.
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