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Abstract. In this paper we explore a method that, based on a particular implemen-
tation of a genetic algorithm (GA), aims to optimize the quantization of Electrocar-
diogram (ECG) signals to be transmitted over communication channels with low bit
rate. In particular, the goal of the proposed GA is to compute the optimum number of
quantization bits that minimizes the Percentage Root Mean-square-difference (PRD)
between the quantized and original samples, constrained to the maximum number of
available bits and the maximum distortion allowed. In this effort, we propose a novel
GA-based ECG encoding approach to represent the candidate solutions or individu-
als, and those evolutionary algorithms that finally lead to the optimum solution. The
experiments point out that, although in its preliminary steps, the method could be
useful to quantize ECG signals to be transmitted over channels suffering from low bit
rate.
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1 Introduction

Electrocardiogram (ECG) data compression is very often required because of
the huge amount of information generated by this monitoring systems when
applied to a patient over a long period of time. In order to store all these data,
or to transmit them (for example, in telemedicine applications [1,2]), it is very
important to achieve high compression ratios while maintaining an acceptable
quality of the reconstructed signal in the sense that it does not interfere with
the diagnostic process, or, in order words, in the effort of avoiding misdiagnosis,
what is of the utmost importance.

Regarding this, there are several different approaches in the specialized
literature focused on the compression of ECG data. There are important con-
tributions, such as, for instance, [3], [4], [5] or [6], which are particular cases
of either time-domain, parametric or transform-domain techniques. In [7], a
different approach, consisting in the use of the JPEG2000 image compression
standard to code ECG signals, has been studied.

In this paper we explore the feasibility of using Genetic Algorithms (GAs)
to ECG data compression in the sense that our GA, constrained to a number of
limitations (the number of available bits versus the quality of the synthesized
signal), search for the optimum number of bits to quantize ECG samples.

GAs are optimization and search methods which, inspired by the princi-
ples of Genetics and Natural Selection [8], exhibit useful properties for solving



problems that, otherwise, would be intractable. Among these advantages, it
is worth mentioning that GAs deal with large number of variables, provide a
global solution for multilocal extrema problems, optimize functions with con-
tinuous or discrete variables, optimize variables with extremely complex cost
surfaces, and do not require derivative information. In the effort of making
this paper stand by itself, Section 2 focuses on summarizing the GA funda-
mentals that will assist us in better explaining our approach to quantize the
ECG signals.

Although it will explain throughout the paper in a more detailed way, the
system we propose divides the ECG signal into frames (or blocks), and com-
putes the number of bits to properly quantize the bits of any frame. Just in
this respect, Section 3 describes the proposed GA, which aims at computing
the optimal number of bits to quantize the ECG that minimize the Percentage
Root Mean-square-difference (PRD) of the quantized signal (when compared
to the original one), constrained to the maximum number of available bits and
the maximum distortion allowed.

Section 4 focuses on the experiments we have carried out in the effort of
designing the GA, and discusses some preliminary results which seem to point
out that the proposed GA-based approach, after some improvements, could be
a feasible tool to optimally quantize ECG signals.

Finally, Section 5 summarizes our approach and the main conclusions we
have found.

2 Genetic Algorithms in a nutshell

Genetic Algorithms [8] are one the most representative strategies belonging
to the wide field of “Evolutionary Computation” (EC) approaches, which are
inspired by the principles of Genetics and Natural Selection. In turns, EC
belongs to the broader research area of “Soft-Computing” (SC). It is a key
part of Artificial Intelligence (AI), and many of its methods also belong to the
area of knowledge called “Natural Computing” (NC). The wider term Natural
Computing refers to algorithms inspired by the way Nature solves extremely
complex problems. It draws inspiration from Evolution (leading to Evolution-
ary Computation), Physics (Simulated Annealing), social living being networks
(social insects, what leads to Ant Colony Optimization (ACO) algorithm [9],
and Swarm Intelligence [10]), Neural Networks (human brain metaphor inspires
Artificial Neural Networks [11,12]), Immune Systems (leading to Immunocom-
puting), the simulation of an orchestra composition (Harmony Search algorithm
[13]), and so on.

Evolutionary Computation algorithms have been widely used for solving
combinatorial optimization problems, which work primarily in intrinsically dis-
crete search spaces. Put it very simple, these algorithms are based on an
encoding of candidate solutions of the problem by using strings of numbers,
and on evolving the population of candidate solutions by applying a series of
evolutionary operators.



In particular, a GA is based on three key facts: 1) Encoding the candi-
date solution; 2) Generate an initial population of candidate solutions, and 3)
Applying evolution mechanisms.

1. Encoding candidate solutions
In Nature, all of the genetic information which encodes and causes the ex-
ternal characteristics of a living organism (or “individual”) is called geno-
type. Any particular characteristic produced by a piece of this genetic
information is encoded by a gene, the chromosome being the set of these
genes. Each gene is located at a particular position on the chromosome
and can have different values, called allele. Note that this strategy can
be considered as transforming the real search space into another in which
working is much easier. From a mathematical point of view, if F is the
set containing all the candidate solutions, and G is the set of chromosomes
that codifies them, this representation is equivalent of defining a bijection
ζ : F → G, so that any solution is represented by an unique chromosome.
Thus, roughly speaking, the terms chromosome and individual are inter-
changeable.

2. Generating an initial population of candidate solutions
The size of the initial populations of individuals is a crucial issue for GA
performance. On the one hand, a large population could cause more genetic
diversity (and thus, a higher search space) and, consequently, suffer from
slower convergence. On the other hand, with a very small population, only
a reduced part of the search space is explored, thus increasing the risk of
prematurely converging to a local extreme. Once the adequate size of the
population has been explored, the second question remaining is related to
the initial values its individuals should have. Usually, the values of the
chromosomes representing this population are randomly initialized.

3. Applying evolutionary mechanisms
In Nature, the random creation of novel genetic information may lead to
the ability to survive. The better an individual is suited to an environment,
the higher its probability of survival. This is the so-called survival of the
fittest and the longer the individual’s life is, the higher its chances of hav-
ing descendants. In this procreation process, the parent chromosomes are
combined (recombination) to provide a novel chromosome. Sporadically,
and because of unavoidable errors in copying genetic information or exter-
nal factors (for instance, radiation), mutations (random variations) occur.
The consequence is the creation of a generation of living beings with some
novel characteristic which are slightly different from those of their progen-
itors. If the new attribute makes the offspring better suited to the varying
environment, the probabilities of survival and of having descendants also
increase. Part of the offspring could inherit the modified genes and the
corresponding external characteristic. In this way, the population of in-
dividuals evolves and for a number of generations the described process
results in the creation of individuals better adapted to the environment,
and in the extinction of those worst suited.

With these concepts in mind, we can now better understand the fundamen-
tals of the standard genetic algorithm, proposed in [14]. This algorithm uses



operators of selection, crossover and mutation, binary encoding and selection
by means of the roulette wheel method.

As motivated before, the genetic algorithm is based on a number of evolution
operators, which will be detailed below, implemented in a loop process. The
algorithm starts with the initialization of individuals, usually at random, and
the calculation of “fitness” values associated with each individual (that is, to
what extent each candidate solution solve the problem). It then enters a loop
in which evolution operators are applied, until a certain stopping condition,
usually, when, after a number of generations, no improvements are observed in
the results. These operator work as follows:

• A selection operator aims at selecting those individuals (population com-
ponents) that will be part of the population for the next generation. In the
standard implementation of the algorithm, each individual has a probabil-
ity of survival for the next generation proportional to its associated fitness
value (objective function to optimize). This selection procedure is called
the roulette method. Although the method of roulette is considered the
standard algorithm, there are other well known selection methods such as
the method of probabilistic tournament (widely used by its good results),
the ranking selection, and so on.

• A crossover operator, whose goal consists in generating novel individuals
from existing pairs of individuals. In the standard implementation, individ-
uals are paired at random, and crossed (by exchanging parts of the binary
string) with a probability called crossover probability that is usually around
60% (that is, 60% of pairs of individuals are crossed in each generation).
Each pair then leads to another pair of individual offsprings, replacing par-
ents in the next generation. There are different types of crossover methods
depending on whether the parents are crossed exchanging parts in one, two
or more points in the binary string.

• Mutation operator. It aims to mimic the following fact in Nature: the
chromosomes (which contain genes that encode the physical characteristics
of an individual −genotype−) can undergo random changes called muta-
tions. They may be due to external causes (eg. radiation) or internal (a
simple failure to copy the material). These mutations can generate indi-
viduals with novel external physical characteristics (phenotype) that may
allow them (or not) adapt to the changing environment. If advantageous,
the feature can be spread with a certain probability to later generations.
In a Genetic Algorithm, the mutation operator generates a new individual
from an existing one. This process is performed by changing certain bits
chosen from 0 to 1 and vice-versa, with very low probability (usually the
mutation probability for a given individual is about 1%). It differs from
the previous one in that the bits change occurs within the same individual
and not with another of its generation.

For non-binary implementations of algorithms, the operators of crossover
and selection can be maintained as we have defined for the standard algorithm,
and only the mutation operator would change, which should suit the imple-
mented encoding selected for the specific problem.



All these concepts will assist us in explaining our approach to the problem
at hand. This is just the goal of the next section.

3 The proposed GA-based quantization algorithm

Put it very simple, the ECG data stream to be quantized is divided into blocks
or frames, each block containing a number of N samples. In this problem, the
number of samples per block, N , and the maximum number of bits for coding
the ECG signal, nmax, are two input parameters. For instance, the value used
for nmax could be limited by the uplink data bit rate of the communication
system in a telemedicine application.

The goal of the proposed GA-based algorithm is to find, constrained to
the aforementioned limitations, the number of bits to represent the samples
of each N -length block, ni, by minimizing the overall Percentage Root Mean-
square-difference (PRD) between the quantized signal and the original one.
The ECG signals belong to the public MIT ECG database. This database has
been divided into a training subset and a test subset to properly design the
GA and test to what extent the algorithm works accurately.

The following paragraphs emphasize the key points in the design of our
GA-based approach.

3.1 Encoding the candidate solution

A proper way to encode the candidate solutions or individuals is like the one
illustrated by the following example. Let imagine we have only 5 blocks. The
chromosome of a candidate solution could be, for example, 2 3 0 1 4, which
means that each sample of the first block will be coded with 2 bits, any sample
of the second block will be coded with 3 bits, and so on. To what extent this
potential solution is good enough will be evaluated by the selection operator,
as will be shown later on.

Once we have decided the more appropriate way of representing the can-
didate solution, the second key point is the design of the initial population of
individuals to be evolved.

3.2 Generating the initial population of candidate solutions

The size of the initial population has been chosen to be 300 individuals, a good
balance between a larger population (which could lead to slow convergence)
and a smaller population (which could lead to converge to a local extreme).

The population for the problem at hand has been initialized by dividing
the number of available bits, nmax, by all the blocks of the input signal. This
division has been made randomly, ensuring that the total number of bits is
equal or less than the maximum nmax.

Once the initial population has been initialized, the algorithm starts with
the calculation of fitness values associated with each individual, and enters a
loop in which evolution operators are applied until it reaches 600 generations, a
stopping condition that, as will be shown in the results, keeps the PRD stable.



3.3 Applying evolutionary mechanisms

The crossover operator used is a one-point crossover operator. It randomly
chooses a point on the two parent chromosomes and, by interchanging those
genes before and after the point, creates the offsprings. The probability that the
crossover operator is applied to each individual is called crossover probability,
pc < 1. In this respect, it is important to note that not all individuals are
selected for crossover. After a number of experiments we have chosen pc = 0.9.

The Gaussian mutation operator implemented works as follows: it selects
a gene with a mutation probability pm, adds an unit Gaussian noise (with
zero mean and a standard deviation of σ chosen 0.1 times the length of the
dynamic range [8,15]), and rounds it to the nearest integer. Its purpose is to
maintain diversity within the population and inhibit premature convergence
to local minima. Note that not all the offspring chromosomes are mutated:
the probability that the mutation operator is applied to each chromosome is
usually pm ≪ 1. Empirically, it has been observed that a value of pm = 0.02
reaches good results.

Since both crossover and mutation may lead to a total number of bits higher
than the maximum allowed, it is necessary to include a correction operator.
This operator looks for, among all individuals, those whose number of bits is
above the limit. In these cases, the number of bits is randomly reduced in steps
of 1 bit until the problem is fixed.

Finally, regarding the selection, a ranking selection operator has been se-
lected since it has been found it reaches good results.

4 Preliminary results

In this section, we present some preliminary results in the effort of checking
the utility of the proposed algorithm.

Figure 1 shows the evolution of the fitness value in terms of PRD as a
function of the number of generations. We have represented two PRD curves:
the one corresponding to the best fitness, and another for the case in which an
average of 3 bits is fixed for the genetic algorithm. As it can be observed, the
convergence is fast, obtaining the best result in only around 100 generations.

While Figure 1 has shown the fast convergence of the proposed algorithm,
Figure 2 represents the fitness value in terms of PRD as a function of the
average number of bits per sample. As it can be observed, a fast decrease of
the number of bits needed to quantify the signal is obtained when increasing
the number of bits.

5 Conclusions

In this work we have explored the feasibility of using a particular implemen-
tation of genetic algorithms to optimize the quantization of electrocardiogram
signals by minimizing the Percentage Root Mean-square-difference between the
quantized and the original signal, constrained to the maximum number of avail-
able bits and the maximum distortion allowed. After explaning the concepts
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Fig. 1. Percentage Root Mean-square-difference (PRD) values (%) of the quantized
signal obtained as a function of the number of generations. The blue line corresponds
to the PRD results when an average of 3 bits is fixed for the genetic algorithm, while
the red line corresponds to the best fitness.
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Fig. 2. Percentage Root Mean-square-difference (PRD) values (%) of the quantized
signal obtained as a function of the mean number of bits per sample.

the approach is based on, we have proposed: 1) a novel encoding approach
to represent the candidate chromosomes (a string of integer that labels the
number of bits for each sample in a frame); and 2) some implementations of
evolutionary algorithms (selection, crossover, mutation, and correction −which
keeps the values of genes within the allowed dynamic margin−).

The work presented is a preliminary approach to the problem, but it is
enough to show that the application of evolutionary algorithms to dynamic bit
allocation problems is a promising research topic. The algorithm has proved
to converge in a low number of generations, which can be reduced even more
if information from one block is used to initialize the next one.

Next works will continue exploring this idea, introducing also the block
length as a variable for the genetic algorithm, in the effort of improving the
results.
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