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Abstract In this paper, a hybrid method is proposed for multi-channel electroen-
cephalograms (EEG) signal compression. This new method takes advantage of two
different compression techniques: fractal and wavelet-based coding. First, an effec-
tive decorrelation is performed through the principal component analysis of different
channels to efficiently compress the multi-channel EEG data. Then, the decorrelated
EEG signal is decomposed using wavelet packet transform (WPT). Finally, fractal
encoding is applied to the low frequency coefficients of WPT, and a modified wavelet-
based coding is used for coding the remaining high frequency coefficients. This new
method provides improved compression results as compared to the wavelet and fractal
compression methods.

Keywords Electroencephalograms · Compression · Fractal coding · Wavelet-based
coding · Multi-objective genetic optimization

1 Introduction

Electroencephalograms (EEG) are electrical signals recorded along the brain surface,
which are generated by firing of neurons within the brain [18]. In clinical analysis,
i.e., to diagnose the disease (such as epilepsy and sleep disorders), EEG signals are
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recorded over a short period, typically 20–40 min. However, EEG signals are some-
times recorded over extended periods (several days, weeks, or even months), e.g., in
telemedicine for neurological patients, where EEG is continuously recorded outside
the hospital. Long-term EEG recording results in huge EEG datasets. Therefore, com-
pression the EEG signals is needed before storage or transmission. EEG compression
is challenging, specifically when the number of EEG channels is large, and the sam-
pling rate is high (to capture spikes and high-frequency fluctuations in the EEG signal).
In order to compress EEG signals, several types of redundancies must be taken into
account. Antoniol and Tonella [2] presented the survey on EEG lossless compression
algorithms using predictive coding, transform coding, vector quantization together
with the entropy coding and compared with some well-known lossless compression
algorithms. EEG signals are often modeled as auto-regressive (AR) processes. Vari-
ous AR predictors have been developed: linear AR predictor [2], least squares [2], and
adaptive neural network predictors [22].

Before compressing signals, it could be fruitful to transform them in another
domain. Various common transformations have been used for EEG compression,
including discrete cosine transform [2], sub-band transform, wavelet transform,
wavelet packet transform, and integer lifting wavelet transform [2,21]. Some of the
well-known 2D compression methods are also used for EEG signal compression: Hig-
gins et.al have used JPEG2000 algorithm [11], and Mitra and Sarbadhikari have used
iterative function system (fractal) for EEG compression [16]. The idea behind most
hybrid fractal-wavelet coders is to apply a discrete wavelet transform (DWT) to the
signal and then use fractal methods in the wavelet domain [25]. It is well-known that
the wavelet energy concentration is located primarily in the low-pass filter values,
and this makes the approximation sub-band extremely favorable to the application of
fractal techniques.

In order to solve the problem concerning the expensive fractal encoding time,
without losing the quality of the EEG signal, this work involves a hybrid coder. We
present a new, fast, and efficient EEG compression algorithm that applies the speed
of the wavelet transform to the quality of the fractal compression. In our proposed
method, PCA is applied to decorrelate multi-channel EEG signal. The decorrelated
EEG signal looks like a low-pass signal in most channels as compared to the original
multi-channel EEG signal. Wavelet-based coding is a good choice to compress a low-
pass signal. In addition, there are many self-similarities in EEG signal, which make
it appropriate for fractal compression. Therefore, a hybrid coder using fractal and
wavelet can be a good combination to get better results.

The remainder of this paper is organized as follows. The proposed method will
be described in Sect. 2. Then, EEG compression using fractal coding is reviewed in
Sect. 3. Section 4 gives the description of the modified wavelet-based coding. Section 5
illustrates experimental results and compares to other methods. Finally, conclusions
are given in Sect. 6.

2 Hybrid Fractal-Wavelet Compression

Data compression is the process of detecting and eliminating redundancies in a given
dataset. EEG signals are simply measured from different electrode positions on human
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scalp. Therefore, the neighboring channels of EEG signals usually have a high degree
of similarity in their structures. In order to efficiently compress the multi-channel
data, this inter-channel redundancy must be exploited. In this study, the effective
decorrelation is performed through the PCA of different channels [8]. PCA has been
widely used as feature extraction in pattern recognition. The main concept of PCA
is to project the original feature vector onto principal component axes. These axes
are orthogonal and correspond to the directions of greatest variance in the original
feature space. Hence, projecting input vectors onto this principal subspace allows
reducing the redundancy in the original feature space as well as the dimension of input
vectors. In order to achieve to these goals, PCA computes new variables called principal
components, which are obtained as linear combinations of the original variables. The
first principal component is required to have the largest possible variance. The second
component is computed under the constraint of being orthogonal to the first component
and to have the largest possible inertia. The other components are computed likewise.
The values of these new variables for the observations are called factor scores; these
factors scores can be interpreted geometrically as the projections of the observations
onto the principal components.

In PCA, the components are obtained from the singular value decomposition of the
data X [12]:

X = P�QT, (1)

where P is the I × L matrix of left singular vectors, Q is the J × L matrix of right
singular vectors, and � is the diagonal matrix of singular values. Note that �2 is equal
to �, which is the diagonal matrix of the (non-zero) eigenvalues of XTX and XXT.

The I × L matrix of factor scores, denoted F, is obtained as

F = P� (2)

The matrix Q gives the coefficients of the linear combinations used to compute the
factors scores. This matrix can also be interpreted as a projection matrix, because
multiplying X by Q gives the values of the projections of the observations on the
principal components. This can be shown by combining (1) and (2) as

F = P� = P�QQT = XQ (3)

In this context, the matrix Q is interpreted as a matrix of direction cosines (because
Q is orthonormal). The matrix Q is also called a loading matrix. In this context, the
matrix X can be interpreted as the product of the factors score matrix by the loading
matrix as

X = FQT with FTF = �2 and QQT = I (4)

The proposed compression algorithm uses decorrelated multi-channel EEG signal
to achieve more compression ratio (CR) compared to single-channel method. It can
be seen from Fig. 1 that the decorrelated EEG signal has only low frequency (LF)
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Fig. 1 Applying PCA to multi-channel EEG signal, a multi-channel EEG, and b decorrelated multi-channel
EEG

information in most channels as compared to the original multi-channel EEG signal. In
one hand, wavelet-based coding can be used to efficiently compress the high frequency
(HF) information of the decorrelated EEG signal. However, the LF coefficients in
wavelet-based coding cannot be efficiently coded. In other hand, the LF structures
in EEG signal have many self-similar regions, which can be efficiently coded by
fractal compression. Therefore, a hybrid coder using fractal and wavelet is used to
take advantage of each method.

After applying PCA, the decorrelated EEG signal is decomposed using WPT. Then,
fractal encoding is applied to the LF coefficients of WPT, and a modified wavelet-
based coding is used for coding the remaining HF coefficients. The schematics of the
proposed hybrid coder and decoder can be seen in Fig. 2. For further data compaction,
a proper bit encoding format can be used to quantize and transmit the data at low bit
rates. A low bit rate representation can be achieved by using an entropy coder like
Huffman coding or arithmetic coding.

3 EEG Signal Compression Using Fractal

The theory of compression using iterative function system (IFS) and Collage theorem
was first proposed by Barnsley [3]. Since then, this technique has been used success-
fully in image compression by several researchers [24]. The detailed mathematical
descriptions of the IFS theory, collage theorem, and other relevant results are avail-
able in [3,5]. Only the important features of coding through IFS are given below. Let
I be a given signal that belongs to the set X . Our purpose is to find a set F of affine
contractive maps for which the given signal I is an approximate fixed point. F is
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Fig. 2 Block diagram of the proposed hybrid compression. a Coder. b Decoder

constructed in such a way that the distance between the given signal and the fixed
point (attractor) of F is very small. The attractor “A” of the set of maps F is defined
as follows:

lim
N→∞ F N (J ) = A, ∀J ∈ X (5)

and F(A) = A, where F N (J ) is defined as

F N (J ) = F
[

F N−1(J )
]

with

F1(J ) = F(J ), ∀J ∈ X

In addition, the set of maps F is defined as follows:

d [F(J1), F(J2)] ≤ s. d(J1, J2), ∀J1, J2 ∈ X and 0 ≤ s < 1 (6)

Here, d is called the distance measure, and s is called the contractivity factor of F :
Let

d [I, F(I )] ≤ ε (7)

where ε is a small positive quantity. Now, by the collage theorem [3], it can be shown
that

d [I, A] ≤ ε

1 − s
(8)

where A is the attractor of F .
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From (8) it is clear that, after a sufficiently large number of iterations N , the set
of affine contractive maps F produces a set that belongs to X and is very close to
the given original signal I . Here, (X , F) is called iterative function system, and F is
called the set of fractal codes for the given signal I .

3.1 Generation of Fractal Codes

Let I be a given signal having w points. The signal is first partitioned into n non-
overlapping segments having b number of points and represented by R = {R1, R2, …,
Rn}. Each Ri is called as a range segment. Note that n = w/b. Let D be the collection
of all possible segments having 2b number of points. Let D = {D1, D2, …, Dm}.
EachD j is called as a domain segment with m = (w−2b). Let Fj = { f : D j → R2;
f is an affine contractive map}. Now, for a given range segment Ri , let, fi | j ∈ Fj be
such that

d
(
Ri , fi | j

(
D j

)) ≤ d
(
Ri , f

(
D j

))
, ∀ f ∈ Fj , ∀ j (9)

Here d measures the distance between two sets of points.

d
(
Ri , fi |k (Dk)

) = min
j

d
(
Ri , fi | j

(
D j

))
(10)

Our aim is to find fi |k (Dk) for each i ∈ {1, 2, . . ., n}. In other words, for every range
segment Ri , one needs to find an appropriately matched domain segmentDk , as well
as an appropriate transformation fi |∗. The set of transformations F = { f1|., f2|., …,
fn|.} accordingly obtained is called the fractal code of the given signal I .

To find the best matched domain segment, as well as the best matched transforma-
tion, we have to search all possible domain segments as well as all possible transfor-
mations with the help of (6). The affine contractive transformation fi |∗ is constructed
using the fact that the points of the range segment are a scaled and shifted version
of the points of domain segment. Thus, the affine transformation has two parts. The
first part indicates which point of the range segment corresponds to which point of the
domain segment. The second part is to find the scaling and shift parameters.

Fractal EEG compression first introduced by Mitra and Sarbadhikari [16], including
of the representation of signal blocks through the contractive transformation coeffi-
cients. In Mitra’s approach, the EEG signal is partitioned into non-overlapped segments
named range-blocks {Ri } with b points. Each Ri is compared to all down-sampled
and affine transformed 2b blocks (named domain blocks, D j ) of the same signal. Gen-
erally, the decoding process only needs the blocks positions and the affine transform
coefficients of the best matching. The affine transformations consist of the contrast
scaling s, luminance shift o, and the isometry (eight possible isometric transforma-
tions [16] as shown in Table 1). The matching process consists of minimizing of the
following:

d
(
Ri , D j

) =
b∑

p=1

(
Ri (p)− (

si × D j (p)+ oi
)) 2 (11)
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Table 1 The list of isometric transformations on the domain segments

Identity Second half-reflection

l1
(
D j (p)

) = D j (p) l2
(
D j (p)

) =
⎧
⎨
⎩

D j (p) p ≤ b
2

D j

(
3b
2 + 1 − p

)
p > b

2

First half-reflection First–second and third–fourth quarter reflection

l3
(
D j (p)

) =
⎧⎨
⎩

D j

(
b
2 + 1 − p

)
p ≤ b

2

D j (p) p > b
2

l4
(
D j (p)

) =
⎧⎨
⎩

D j

(
b
2 + 1 − p

)
p ≤ b

2

D j

(
3b
2 + 1 − p

)
p > b

2
First half-reflection and second half-swapping First half-swapping and second half-reflection

l5
(
D j (p)

) =
⎧⎨
⎩

D j (b + 1 − p) p ≤ b
2

D j

(
p − b

2

)
p > b

2

l6
(
D j (p)

) =
⎧⎨
⎩

D j

(
p + b

2

)
p ≤ b

2

D j (b + 1 − p) p > b
2

Reflection about mid-point Second–third quarter reflection

l7
(
D j (p)

) = D j (b + 1 − p) l8
(
D j (p)

) =
{

D j (b − p) b
4 < p < 3b

4
D j (p) else

where Ri is the range block, D j is the domain block, oi is the luminance shift, si is
the contrast scaling, and b is the number of points.

Using the least square analysis, the analytic solution for (11) is given by

∂d
∂si

= 0, ∂d
∂oi

= 0 ⇒ si = b
(∑b

p=‘ Ri (p)D j (p)
)
−

(∑b
p=1 D j (p)

)(∑b
p=1 Ri (p)

)

b
(∑b

p=‘ D2
j (p)

)
−

(∑b
p=1 D j (p)

)2

⇒ oi =
b∑

p=1
R j (p)/b − si

b∑
p=1

D j (p)/b

(12)

The whole above process of fractal coding is described in Fig. 3. In the encoding
process, for each range segment the matched domain segment and the matched trans-
formation have been obtained. Thus, we have to store (a) location of the domain
segment; (b) orientation (isometry) of the domain segment; (c) the scaling factor; and
(d) the shift factor.

3.2 Decoding

The decoding scheme simply consists of iterating the fractal code F on any initial
signal I0, until convergence to a stable decoded signal is obtained. The transformation
of a signal under the fractal code is done sequentially. The transformation is applied
on the kth domain segment (Dk) of the current signal to produce the i th range segment
(Ri ) of the next signal. In our case, all the EEG signals have been reconstructed from
the respective fractal codes, starting from an arbitrary signal having all the amplitude
values zero. In addition, the process of iterating the fractal codes has been stopped
after 20 repetitions, because a stable decoded EEG signal is obtained.
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Fig. 3 The schematic diagram of the fractal encoding process

4 Modified Wavelet-Based Compression

The idea behind signal compression using wavelets is primarily linked to the relative
sparseness of the wavelet domain representation for the signal. Wavelets concen-
trate signal information into a few neighboring coefficients [14]. Data compression
is then achieved by treating small valued coefficients as insignificant data and thus
discarding them. EEG signal is a non-stationary random process due to the time vary-
ing nature of the human brain system. Several transitory drifts and abrupt changes
describe non-stationary signals. The localization feature of wavelets, together with its
time-frequency resolution properties, makes them appropriate for coding EEG signals.
The process of compressing a signal using wavelets involves a number of different
stages as follows: (1) choosing optimal wavelets for EEG signal, (2) decomposition
level in wavelet transforms, (3) Threshold criteria for the truncation of coefficients,
(4) efficiently representing zero valued coefficients, and (5) Quantizing and digitally
encoding the coefficients.

Wavelets work by decomposing a signal into different resolutions or frequency
bands, and this task is carried out by choosing the wavelet function and computing
the DWT [14]. Signal compression is based on the concept that selecting a small
number of approximation coefficients (at a suitably chosen level), and some of the
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Table 2 The process of encoding truncated wavelet coefficients

Wavelet coefficients after thresholding

0 0 0 0 0 0 0 0 0 0 0 12312 0 0 0 32393 0 2187 0

Coded vector

11+65,408 12,312 3+65,408 32,393 1+65,408 2,187 …

First row: truncated wavelet coefficients, and second row: coded vector, which is contained of the number
of consecutive zeros plus a constant value (65,408) and non-zero coefficients

detail coefficients can accurately represent regular signal components. After calculat-
ing the wavelet transform of the EEG signal, compression involves truncating wavelet
coefficients below a threshold. Two different approaches are available for calculat-
ing thresholds. The first, known as “global thresholding,” involves taking the wavelet
expansion of the signal and keeping the largest absolute value coefficients. Thus, only
a single parameter needs to be selected. The second approach known as “by level
thresholding” consists of applying visually determined level-dependent thresholds to
each decomposition level in the wavelet transform [14]. After zeroing wavelet coef-
ficients with negligible values based on either calculating threshold values or simply
selecting a truncation percentage, the transform vector needs to be compressed. One
way of representing the high-magnitude coefficients is to encode consecutive zero
valued coefficients [14], with two values. One value is to indicate a sequence of zeros
in the wavelet transforms vector, and the second value is representing the number of
consecutive zeros. Due to the sparsity of the wavelet representation of the EEG signal,
this encoding method leads to higher CRs than storing the non-zero coefficients along
with their respective positions in the wavelet transform vector [7].

In this paper, a modified run-length coding approach is used, which is used only one
value for representing the number of consecutive zeros as it can be seen in Table 2. In
other words, only the number of consecutive zeros plus a constant value (bigger than
maximum values of wavelet coefficients) is coded. In the decoding process, if a value
in the coded vector is bigger than a constant value, it demonstrates consecutive zeros
in the wavelet sub-bands. If we store the EEG data with 16 bits, we have 216 =65,536
distinct values. For the proposed run-length coding, we need a space to consider the
amount of consecutive zeros. In our case, because we have the maximum of 128
samples in each sub-band of WPT, then the maximum of 128 is needed to demonstrate
the amount of consecutive zeros. Therefore, in the proposed run-length coding, we can
consider 65,408 as the maximum value of wavelet coefficients (every values above
this point is equal to 65,408), and the consecutive zeros are added to this value. In the
decoding process, if a value in the coded vector is bigger than 65,408, it demonstrates
consecutive zeros in the wavelet sub-bands.

4.1 Wavelet Packet Transform

Wavelets are mathematical functions that cut up data or function into different fre-
quency components and then study each component with a resolution matched to its
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Fig. 4 a Wavelet decomposition tree, and b wavelet packet decomposition tree

scale [4]. Wavelets, which are oscillatory functions of zero mean and of finite energy,
can be used to obtain a time-frequency representation of a process.

Due to decomposition of only the approximation component at each level using the
dyadic filter bank, in a regular wavelet analysis, the results of frequency resolution in
higher-level DWT decompositions (e.g., A1 and D1 in Fig. 4a) are less desirable. It
may cause problems while applying DWT in certain applications, which the important
information is, located in higher frequency components. The frequency resolution of
the decomposition filter may not be fine enough to extract necessary information from
the decomposed component of the signal. The necessary frequency resolution can be
achieved by implementing a WPT to decompose a signal further. The wavelet packet
method is a generalization of wavelet decomposition that offers a richer range of pos-
sibilities for signal analysis. In wavelet analysis, a signal is split into an approximation
and a detail. The approximation is then itself split into a second-level approximation
and detail, and the process is repeated. For n-level decomposition, there are n +1 pos-
sible ways to decompose or encode the signal. In wavelet packet analysis, the details as
well as the approximations can be split. This yields more than different ways to encode
the signal. For instance, wavelet packet analysis allows the signal S to be represented
as A1 + A6 + D6 + D3 in Fig. 4b. This is an example of a representation that is not
possible with ordinary wavelet analysis. The wavelet decomposition tree is a part of
this complete binary tree. As mentioned above, the wavelet packet analysis is similar to
the DWT with the only difference that in addition to the decomposition of the wavelet
approximation component at each level, the wavelet detail component is also decom-
posed to obtain its own approximation and detail components as shown in Fig. 4b.

Each component in this wavelet packet tree can be viewed as a filtered component
with a bandwidth of a filter decreasing with increasing level of decomposition, and the
whole tree can be viewed as a filter bank. At the top of the tree, the time resolution of
the WP components is good but at an expense of poor frequency resolution, whereas
at the bottom with the use of wavelet packet analysis, the frequency resolution of the
decomposed component with high frequency content can be increased. As a result,
the wavelet packet analysis provides better control of frequency resolution for the
decomposition of the signal [1]. A wavelet packet is represented as a function, ψ ,
where ‘i’ is the modulation, ‘ j’ is the dilation, and ‘k’ is the translation parameter [17].

ψ i
j,k(t) = 2− j/2 ψ i (2− j t − k) (13)

where i = 1, 2. . . j.n and ‘n’ is the level of decomposition in wavelet packet tree. The
wavelet is obtained by the following recursive relationships:
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ψ2i (t) = 1√
2

∞∑
k=−∞

h(k)ψ i
(

t

2
− k

)
(14)

ψ2i+1(t) = 1√
2

∞∑
k=−∞

g(k)ψ i
(

t

2
− k

)
(15)

where ψ i (t) is called as a mother wavelet, and the discrete filters h(k) and g(k) are
quadrature mirror filters associated with the scaling and the mother wavelet functions.
These two filters, h(k) and g(k), are also called group conjugated orthogonal filters
[6].

The wavelet packet coefficients C corresponding to the signal f (t) can be obtained
as

Ci
j,k =

∞∫

−∞
f (t)ψ i

j,k( t)dt (16)

Provided the wavelet coefficients satisfy the orthogonality condition. The wavelet
packet component of the signal at a particular node can be obtained as

f i
j (t) =

∞∑
k=−∞

Ci
j,k ψ

i
j,k( t) (17)

After performing wavelet packet decomposition up to j th level, the original signal
can be represented as a summation of all wavelet packet components at j th level as
shown in equation:

f ( t) =
2 i∑

i=1

f i
j ( t) (18)

In wavelet packet, standard structure composed of low and high pass filters is used
in perfect reconstruction filter bank [23]. In this study, WPT is used to decompose the
EEG signal for compression.

4.2 Thresholds Selection Based on Multi-Objective Genetic Algorithm

The global- and level-dependent thresholds for truncating wavelet coefficients do not
produce optimum compression results based on CR and quality of decompressed
signal. In this study, a new algorithm based on multi-objective genetic optimization
(MOGO) is used to optimally estimate the thresholds for truncating wavelet coef-
ficients in different WPT sub-bands. The performance of compression algorithms
usually is computed using percent root-mean square difference (PRD) and CR. If No
is the size of the original file in bits, and Nc is the size of the compressed signal, then
CR = No/Nc, and PRD is defined as follows
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Fig. 5 PRD variations with compression ratio for different wavelet-based coding

PRD =
√√√√ N∑

i=1

(x[i] − x̂[i])2
/ N∑

i=1

x2[i] × 100 (19)

where x is the original EEG signal, x̂ is the reconstructed EEG signal, and N is the
number of samples.

In this study, the CR and PRD are chosen for the optimization problem. In other
words, the optimization is a minimization problem, and the goal is to estimate the
optimal thresholds for truncating wavelet coefficients in each WPT sub-bands of the
EEG signals, which simultaneously minimize the two objectives including of the
inverse of CR, and PRD expressed in (19). For this purpose, the MOGO is used
for optimization problem [15], which is implemented in Matlab optimization toolbox.
Here, the performances of different wavelet-based coding are compared and illustrated
in Fig. 5. The results are obtained for 1,024 EEG samples. As can be seen from
Fig. 5, the proposed wavelet-based compression with modified run-length coding
and thresholding using MOGO clearly outperforms other wavelet-based compression
schemes.

4.3 Multi-Objective Genetic Algorithm

In single–objective genetic algorithm (GA) [9], a candidate solution for a specific
problem is called an individual or a chromosome and consists of a linear list of genes.
Each individual stands for a point in the search space and therefore a possible solution
to the problem. A population consists of a finite number of individuals. Each individual
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is decided by an evaluating system to obtain its fitness value. Based on this fitness value
and undergoing genetic operators, a new population is iteratively generated with each
successive population referred to as a generation.

Three basic genetic operators are sequentially applied to each individual with cer-
tain probabilities during each generation, i.e., selection, crossover (recombination),
and mutation. First, a number of best individuals are picked based on a user defined
fitness function. The remaining individuals are discarded. Next, a number of indi-
viduals are selected and paired with each other. Each individual pair generates one
offspring by partially exchanging their genes around one or more randomly selected
crossing points. At the end, a certain number of individuals are selected, and the muta-
tion operations are applied (i.e., a randomly selected gene of an individual abruptly
changes its value). The GA is called a population-based technique, because instead
of operating on a single potential solution, it uses a population of potential solutions.
The larger the population, the greater the diversity of the members of the population,
and the larger the area searched by the population. The basic steps of the classical
GA as follows: (a) Generate an initial population; (b) Evaluate fitness of individuals
in the population; Repeat (c) Select parents from the population; (d) Recombine par-
ents to produce children; (e) Mutate children; (f) Evaluate fitness of the children; (g)
Replace some or all of the population by children; Until a satisfactory solution has been
found.

A multi-objective decision problem is defined as follows: Given an n-dimensional
decision variable vector x={x1,…,xn} in the solution space X , find a vector x that
minimizes a given set of K objective functions z(x*) = {z1(x*),…, zK (x*)}. The
solution space X is generally restricted by a series of constraints, such as g j (x*) = b j

for j = 1, …, m.
If all objective functions are for minimization, a feasible solutions x is said to

dominate another feasible solution y(x > y), if and only if, zi (x) ≤ zi (y) for i =
1, . . ., K and z j (x) < z j (y) for least one objective function j . A solution is said to
be Pareto optimal if it is not dominated by any other solution in the solution space.
A Pareto optimal solution cannot be improved with respect to any objective without
worsening at least one other objective. The set of all feasible non-dominated solutions
in X is referred to as the Pareto optimal set, and for a given Pareto optimal set, the
corresponding objective function values in the objective space are called the Pareto
front. For many problems, the number of Pareto optimal solutions is enormous (maybe
infinite). The ultimate goal of a multi-objective optimization algorithm is to identify
solutions in the Pareto optimal set.

Being a population-based approach, GA are well suited to solve multi-objective
optimization problems. The ability of GA to simultaneously search different regions
of a solution space makes it possible to find a diverse set of solutions for difficult
problems with non-convex, discontinuous, and multi-modal solutions spaces. In this
study, we have used a classical approach to solve multi-objective optimization problem.
This method assigns a weight wi to each normalized objective function z′i (x) so that
the problem is converted to a single objective problem with a scalar objective function
as follows:

min z = w1.z
′
1(x)+ w2.z

′
2(x)+ · · · + wk.z

′
k(x) (20)
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where z′i (x) is the normalized objective function, and
∑
wi = 1. This approach is

called a priori approach, since the user is expected to provide the weights. Solving a
problem with the objective function (1) for a given weight vector w = {w1, . . ., wk}
yields a single solution, and if multiple solutions are desired, the problem should be
solved multiple times with different weight combinations.

The main advantage of the weighted sum approach is a straightforward implemen-
tation. Since a single objective is used in fitness assignment, a single objective GA can
be used with minimum modifications. In addition, this approach is computationally
very efficient. For our optimization problem, there are two objective functions, PRD
and CR, which should be minimized. For the multi-objective GA discussed here, the
weights are {0.45, 0.55}, the population size is set to 16, and the generation size is set
to 20 as a good compromise between accuracy and complexity.

5 Experimental Results

We have analyzed 64-channel EEG from Physiobank EEG motor movement/imagery
dataset [10,19]. This dataset consists of over 1,500 1- and 2-min EEG recordings,
obtained from 109 volunteers. The EEG was recorded at a sampling rate of 160 Hz,
and we considered EEG segments that are 1,024 samples long. The compression
performance is measured using two parameters: CR and PRD expressed in (3). Here,
four methods are considered for comparison: fractal coding expressed in Sect. 2,
wavelet-based coding using global thresholding, the proposed modified wavelet-based
coding expressed in Sect. 3, and the proposed hybrid methods.

Fig. 6 PRD variations with compression ratio for different decomposition levels in the modified wavelet
coding
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Fig. 7 PRD variations with compression ratio for different mother wavelet functions in the modified wavelet
coding

According to the results of this study for the fractal coding, the CR is related
to the range segment size. In order to evaluate the fractal coding for EEG signal
compression, different sizes are used for the range segment, which result in different
CRs and corresponding PRDs. For wavelet-based coding, three decomposition levels
are considered for WPT. Hence, seven HF sub-bands of EEG signal are used for coding
as described in Sect. 3, and LF sub-band is not coded. For wavelet-based coding
using global thresholding, a fixed threshold is used for truncating HF coefficients
in all sub-bands of WPT, in which changing the threshold yielding different CRs
and corresponding PRDs. For the modified wavelet-based coding, the thresholds for
truncating HF coefficients in each sub-band of WPT are obtained using the proposed
method based on MOGO as described in Sect. 3.

As we have discussed in Sect. 3, there are two parameters in wavelet-based compres-
sion that should be selected: optimal wavelet type for EEG signal, and decomposition
level in wavelet transform. Figure 6 shows experimental results of using different
decomposition levels in the modified wavelet-based coding. As it can be seen from
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Fig. 8 PRD variations with compression ratio for different compression methods

Fig. 6, more decomposition levels lead to higher CRs, but it introduces distortion into
the processed signal (larger PRD). Here, three decomposition levels are considered in
wavelet-based compression.

Wavelets with more vanishing moments provide better reconstruction quality, as
they introduce less distortion into the processed signal and concentrate more signal
energy in a few neighboring coefficients [13]. However, the computational complexity
of the DWT increases with the number of vanishing moments, and hence, for real
time applications, it is not practical to use wavelets with an arbitrarily high number
of vanishing moments. The modified wavelet-based coding is evaluated with using
different mother wavelet functions shown in Fig. 7. The results are shown that wavelets
with more vanishing moments provide better reconstruction quality. From the results,
we can find out that the modified wavelet coding with ‘symlet 4’ mother wavelet
function gives slightly better results.

In the proposed hybrid method, the fractal compression is used for coding the LF
coefficients, and the modified wavelet-based coding is applied for the HF coefficients.
It should be mentioned that performance evaluation between different methods was
performed on the 64×1024 EEG samples (64 channels). The results of different algo-
rithms are summarized in Fig. 8. As can be seen from Fig. 8, the hybrid compression
scheme clearly outperforms other compression schemes, especially at large CRs. In
addition, two examples of reconstructed EEG signals using different compression
methods are shown in Figs. 9 and 10.

Since some phenomena of EEG signals, such as spikes and high frequency fluc-
tuations are very important features for the subsequent processing and applications,
such as recognition and seizure prediction, another experiment has been performed to
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Fig. 11 Example of a seizure with the scalp EEG of a patient in the dataset [20], the seizure begins at
3,000 s

show the performance on the perseveration of these phenomena in the reconstructed
EEG signals. For this experiment, the EEG dataset described in [20] is applied (see
Fig. 11). This database, collected at the Children’s Hospital Boston, consists of EEG
recordings from pediatric subjects with intractable seizures. Subjects were monitored
for up to several days following withdrawal of anti-seizure medication in order to
characterize their seizures and assess their candidacy for surgical intervention. Spec-
trogram is an important feature, which is used for detecting the seizure in the EEG
signal [20]. Here, we have visually compared the spectrograms of reconstructed EEG
signals obtained from different algorithms. Compression results are shown in Fig. 12.
It should be mentioned that in the original EEG sample, a seizure begins at 5 s. It can
be observed from Fig. 12 that the seizure can be visually detected in the spectrogram
of the reconstructed EEG signal from the proposed method. However, for other algo-
rithms including fractal coding and wavelet-based compression, it is hard to determine
when the seizure is happened.

It is also interesting to evaluate the various compression techniques from a practical
point of view that is the computation time. With the proposed hybrid method, the total
process (including coding and decoding) lasts approximately 2.67 s for compressing
64×1,024 EEG samples. With this computation time, the proposed hybrid algorithm
is real time. This is because the EEG was recorded at a sampling rate of 160 Hz, and
therefore, 1,024 EEG samples are equal to the 6.4 s. However, it is possible to reduce
the computation time using graphic processing unit (GPU). GPU provides increased
processing capability for applications with a high degree of data parallelism. In the past
few years, GPUs have become readily available in the commercial market, and off-
the-shelf programming tools (e.g., CUDA from the NVIDIA Corporation and Jacket
from Accelereyes, LLC) have made them more accessible to the technical community.
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Table 3 Relative computation time of various compression techniques for coding and decoding of
64×1,024 EEG samples

Method Unite of time a

coding and decoding

Fractal coding 12.78

Wavelet-based coding 0.45

Proposed hybrid coding 2.67
a The computation times have been averaged over ten runs

Table 3 summarizes the relative computation time of the various methods consid-
ered in this paper. All computations have been performed on a Pentium IV personal
computer, using a 2.00 GHz processor, running windows Seven. Note that our method
is fully implemented in Matlab software. As it can be seen in Table 3, computation
time of our hybrid approach is far better than the fractal method.

6 Conclusions

In this paper, a new hybrid compression method is presented based on fractal and
wavelet coding for multi-channel EEG signal. Decorrelation of multi-channel EEG
signal using PCA, and using a hybrid method based on fractal and WPT to efficiently
compress EEG signal are the main novelties of this paper. The experimental results
demonstrated that the proposed method outperforms the fractal and wavelet-based
coding.
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