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Abstract:

Source modelling is a gateway to the fascinating world of saodag. Many realvorld sources are sparse or have a
sparse representation. According to this fact, this work has focused on providing a new model to represend real
nonstrictly sparse (compressible) sources. To this aim, a novel model has besddwmmh a simple sparse binary

source to reflect the characteristics of compressible sources. The model is capable to represamtd ceahpressible

sources by classifying samples into different classes based on their magnitudes. The model paramstienated using

an innovative approach, a combination of a clustering technique and the binary genetic algorithm. The ability of the new
approach has been assessed in modeling DCT coefficients of still images and video sequences. The proposed model als
inspires an efficient coding approach to compress a wide range of sources including compressible sources. Comparison
with classical welknown distributions including Laplace, Cauchy, and generalized Gaussian distribution and also with
the most recent Ngy BG model reveals the capabilities of the proposed model in describing the characteristics of sparse
sources. The numericaduarsuddoedbass do fonf itthe dikcdw t hat
fit to reflect the statisticall@racteristics of compressible soujces

Keywords: 1Binary genetic algorithm, Ckéquare goodness of fit, Compressible sources, Gaussian mixture model,
Parameter Estimatiogource modelling.

1. Introduction coding problemgenerallyincludes two major phases:
Source Compression is an important part of every modelling and coding. In the modelling phase, the main
efficient communication system. Over tlast few years, goal is to find a proper distribution to describe the

advances in networkased technologies like the Internet  statistical behaviour of the sourd#&fhile, in the coding
of Things (IoT), have risen the demand for source phase,given a source model, findindpe fundamental
compression much more than before due to the abundantlimit, R(D), and designing the shortesscriptive code
amount of information generated by diverse sensors and (practical source encoder and decoder) afegreat
network devices[1]i[3]. Furthermore, compression interest However source modellings thebasis of both
plays an important role not only in the field of ratedistortion investigation, and source cod{rigig.l).
communications but also in tfield of signal processing
and medical application$4]i[6]. A big amount of
information is buried in realorld signals including
voice, image, and video content which are continuous in
nature. Due to the limited bit budget in digital storage and
communication systems, compression of these kinds of
sources implies distortion. According to the rate
distortion theory[7], given a source model, represented  Fig 1. importance of source modellingarsource coding problem

by its Probability Distribution Function (PDF), and a

distortion measure, the minimum rate (R in bits) required Modelling phase is one of the most challenging parts
to compress the source for a given distortion (D) is the of a compression scenari8]. Many studies have been
ratedistortion function R(D). R(D) is actually a curve  focused on creating accurate source models accordingly.
that illustrates the minimum reied rate (in bits) versus In the recent decade by the emergence of sparse
the distortion level D. Scsource modellings the first representation antbmpressive sensifjg]i[11], a wide
stepto deal with a source coding proble. source area of fundamental research has also been focused on
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designing sparse source models. There are two main
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categories of sparse sources called strictly sparse sources

and nonstrictly sparse sourcg$2].

Fig. 2. Methodology of the paper

In the case of strictly sparse source models, one of the
well-known and the most common model is the
BernoulliGaussian (BG) spike mod§l2], [13]. It is
formed by multiplying a memoryless -Bernoulli
sequence to a Gaussian density function. BG model could
be considered as a special casehaf mixed random
variables provided ifil4]. The BernouliUniform (BU)

and the BernouliGeneralized Gaussia (BGG)
distributions are other models for strictly sparse sources
discussed in15], [16] respectively.Also, the binary

Furthermore, lower and upper bounds tre rate
distortion function ofthe Noisy BG source model has
been investigatenh [12].

2) Designingpractical source codes
While ratedistortiontheorydetermineshe best possible
coding performance for a given source model, an
efficient practical source code is the only way to
approach the fundamental limit§ource coding for
sparse sources could be performed nmefficienty by
taking advantage of the sparsitympressibility structure

sparse source is another sparse source model which isof the source moddIL5]. For example in [29] a serial

used to model the location of nemero transform
coefficients[12].

On the other handrealworld signals mostlyare
presented by nestrictly sparse sourcenodels [15].
Transform coefficientsare practical examples dhe
output of such source modgis2]. So, here are many
studies that have focused time modéling of transform
domain coefficients.Modeling of transform domain
coefficients such as DCT and wavelet coefficients has
always been of great interest due to its widespread
application in video and image coding standard$1Ti
it is claimed that the DCT coefficients have Gaussian
distribution while the authors ¢i8] have claimed that
the Laplace is a dominant choice to describe DCT
coefficientsin terms of simplicity and fidelity to theeal
world data Also, the Cauchy distributiorhas been
utilized to model the DCT coefficients in19].
Furthermore, in[20]i[22] a generalized Gaussian
distribution is used to model wavelet coefficiemts]12]
it is claimed that a Noisy BG source modesigficient
to model wavelet transform coefficients. This model is
simply a twecomponent zeronean Gaussiamixture
model. Also, heavytailed distributions havebeen
considered as alternatives to describe compressible
sources. In[23], some heawailed distributions like
Pareto, Weibull, and Levy are used toodel DCT
coefficients.

Having an appropriatsourcemodel, atypical source
codingproblemconsists of these two followiraspects

1) Investigating ratedistortion fundamental limits of
the source
There are some related studies in which the-rate
distortion limits are derived for some wé#thownsparse
source modek. For example the information rate
distortion bounds foBG sourceshavebeen derived in
[12], [24], [25]. Furthermorethe remote information
rate distortion problem is studied [@6], [27], where the
source model iBG. Also in [28], an accurate rate
distortion approximation for BGG is calculated.

170

guantization scheme is developed for BG sourdé&so,

a bit allocation method and an optimal uniform quantizer
aredesigned if30] and[16] for the BGG source model
respectively. h [15] a syndrome encodinigased lossy
compression scheme is developed the noisy BG
source modelusing Reed Solomon and BCH codes.
There arealsomany studies focused on finding efficient
codesfor nonsparsesourcemodels For instance, in
[31]i[33] a lossy compression technique is utilized to
compres binary symmetric sources using polar, {ow
density generator matrix (LDGM), and spatially coupled
LDGM codes, respectively. Furthermore, the {ow
density paritycheck codes have been utilized to
compress a sequence of independent and identically
distributed (i.i.d.) Bernoulli random variables i[84].
There are also some studies focused on compressing
continuous source models. As an instance[3®H] a
rateless lossy compression technique is utilized to
compress Gaussian sources. Similarly, there are some
related studies focusing on lossy compression of
Gaussian sources [86], [37].

Although, most realworld sources are compressible
(nonsstrictly parse)12], however mostwidely utilized
sparse modelsncluding BG and BGG source models,
are strictly spase So, they cannot be used to describe
compressible sourcgsecisely In the context of sparse
source modelling e only compressible source model is
the noisy BG source modelhich is introducedand
utilized in [12] and[15] (equation (3) in this paperJhis
model is capable of modelling neaero valuesby
classifying the transform coefficients into two significant
and nonsignificant samplesBut there is no discussion
about how accurate ¢hnoisy BG source model can
describe real datan the literature Moreover from a
designing coding schemperspective the two latest
referencs could bereviewed as follows1) in [12] a
coding scheme is provided by exploitinghe
compressibility property ofhe noisy BG model.The
coding scheme includeke quantization of coefficients
using two different codebooks for two classof
significant and nossignificant samples?) Althoughin
[15] Noisy BG models utilized asasparse source model,
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it is proposed tdake the advantage sparsity property 3) The acuracy of the proposed model is justifieg
by estimating thdocatiors of zero coefficientsn the calculating the chsquare goodness of fit measture
encoding proces#n fact nearzero values are eliminated ~ comparison witfstateof-the-artmodels.The normalized
in [15]. However,a fine quantizer must keep nemro histogram of the DCT coefficientsf still images and
coefficients[8], especially it is known that neazero video sequencgswhen the number of them is large

valuesare not just noise samplesut they may carry enough, is considered as therealworld source

important vital information.Table | presents detailed  distribution _ _ _
information about the most common models and their _ | ne restof the paperdsganizedas follows.In Section

e : 2, a ba&ground consisting previous wedhown models
roperties in respect of modelling sparse sources ‘ 7 R .
P Ir?this paper, vSe havdesignedgang proposed a multi including theBG distribution, and the NoisyBG are

class magnitude classifying sparse source model which is Presented. In section & new sparse model is developed.
capable ofdescribing realvorld compressible sources In hse;ctlon 4_an_innovative p;rametegstgganto r(nﬁ

. A " techniqudéoe st i mat e paranmetersipresented. s
The simulation results shatlvat the proposed model can a P P

q i world v based In section5, the parameters of the proposed moaie
escribe reaworld sources more accurately based ON  oqtimated The simulationsthe numerical resultsand

chi-square goodness of fit measure in comparison t0 iscyssion as well asmeapplicationsof the proposed

popular source modelscluding the Noisy BGmodel. modelin codingcontextare also given in SFinally, the

Froma s o ur cperspedivkane oftreoutstanding paper is concludedn sections.

advantage of our proposedmulti-class magnitude

classfying model 2.Backgrounds

is that it inspires generalcoding schemehatis capable Many sparse sources are the output of a Syargi
oftaking the advantage of ‘fransform, likeDCT, when it is applied on an inputl i ty
Although this paper is focused on designiagparse sequence that i@t necessarily sparde this sectionthe

source model andnalgorithm for parameter estimation  most important models to represent sparse sources are
briefly in the discussion section and leave it for future generated Féx 18, a sequence of i.i.d. random variables.

work. A BG spike distribution as a sparse source generates
_ ) EBA8 samples according to tiRDF presented in (1BG
Table I. Comparison of most widely used models spike distribution is actually the multiplication ofpa
Used or studied for "f{?f,’lfa Bernoulli discrete random variabéyand a continuous
Source Position | - Strictl | Non- of zeromean Gaussian distributicawith variance equal to
DCT Wavelet | of non y strictly . £ 21 Th . h 0 1 d
Model coeffici | coeffici | zero | Sparse| Sparse coding [12]. The parametep is in the range [0, 1] an
ents ents | coeffici schem  controls the sparsity of the model. Thewer the
ents € parameter), the moresparse source is formed.
Gaussian =3 ]
- - - X 1)
[17] o N
Qw p N1 o nN—=«
Laplace[18] P - - - i x i,
Cauchy[19] P - - - - X More generallythe cumulative density function of a
GG 2], ] b ] ] b y mixed random variable is written as equatiofi2).
[22], [38] B @
Sparse 0w 0 0o Qo
Binary - - P P X
Source12] . o -
BU [15] - - - = ” = where T | 0w Qo, \ p_ and B_ ]
p | . In fact, theBG spike sources a special case of
BG[12], [13] - - - P X P the mixed random variableyhenthe discrete part is an
BGG[16], i ) < ) impulse at zero witlthe probability of p 1] , and the
(30] continuous part is a Gaussian component whb
Noisy BG ] P ] < p p probability of p. The BG spike distribution, models
[12], [18] strictly sparse sourceshenr) is small enoughln that
The contributions could be summarized as follows: case, most of the timié generates exact values of zero
1) A magnitude classifying sparse source model is and sometimes it generates a random value according to
proposedto representealworld sparse sourse The a zeremean Gaussian distribution with variance equal
model !s developed frqm simple binary sparse source  to, .When the zero values @strictly sparse sourcae
The ultimate compressible source modisl capable of replaced by very small nonzero values, a-gtittly
representing DCT coefficients of reabrld souces. sparse source is formed. In a rsirictly sparse source,
2) Two algorithms are provided for parameter the impulse function in equation (1) is replaced by a-zero
estimation. Given meansjgorithm 1 provides a raw mean Gaussian function as shown in equation (3). The

algorithm 2 to be combined with an evolutionary sub components with different variance val, ;and, 8

algorithrt‘n to rrt1_inir[[1.ize the ng%quare cost fumﬁ)n' _Tthe This modeis called Noisy Bd15] andhas been utilized
parameter esimation could be CONSetsas aneuistic to model wavelet coefficients of still images [h2].
approach to model multlass magnitude classifying

SOurce.
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"Qw (©)]
3. Proposed source model

In the following the procedure ofleveloping the
proposed modés explainedThis procedurés startechy
extending the sparse binary sourdd2]. All of the
producedmodels are based on thenerabtructuregiven
in (4), i.e., they arghe multiplication of independén
random variable®and®[15].

[ARNA: A 0

Qis a discrete random variable, whdecould be a
continuous or discrete random variable.

The models generate i.i.d. samples according to the
random variable® . Different models are created
depending on hoxwanddare selected. In the following,
each model and its parameters as well ai$s
correspondingupport set (denoted by calligraphic letters)
aregiven. Tabldl provides a brief review of the models.
1.1 Model I(Sparse binary sourge

The simplest model to represent a sparse source is the 1,

sparse binary source, presented[12]. The model
generates O with probability p 1) and 1 with
probabilityr). The parametern is close enough to zero.
In this caseto make the model consistent with equation
(4), it is considered that the random varicilehooses 1
with probaility 1. In other words@is a deterministic
constant equal to 1.

1.2 Model 2(Discrete Sparse Sourcesne sidedl

Serial n096

A discrete sparse source generatesoer with
probability close to &nd generates all the other symbols
with probability much smaller thanl. With the
probability of occurrencef the symbol zero closer to 1,
a more sparse source is formed. idte a discrete source
defined on support set® phcB R , with
probabilites n M M , and0i®d Q n, for
"C pltF8 R . Also letédbe a Bernoulli random variable
on support seTip , sothal0 & 1T p 0 &

P p n.Under these conditiondis considered as a
discrete sparse souregith support se:..and Pobability
Mass FunctionRMFx) presented in (5)

N mplkkBR ,00C p
nma) man h8 hng
1.3 Model 3(Symmetric Discrete Sparse Soyrce

Let the random variabl®in Model 2 isreplggecby a
random variable with support s+ pmp and
probability mass functiod 0 "C  -hp nh- .Inthat
case X represents theymmetric discrete sparse source
and we have:
0k ¢k phiplgtk8 O

00"C nE B Mman ma hp
nma) man h 8 hne
1.4. Model 4(Almost Strictly Sparse Sourges

in this model, norzero samples substitute continuous
values generated by a continuous random distribution.

AssumethaQcx = 1, is azeremean Gaussian
PDF with variance equal , . Letn g and the PDF
of Xis given in (6).

®)

Table Il. Procedure of developing proposed models ftbabinary sparse source to the compressible source

Models X Y 4 Example of the model
1- Sparse Binary n rp ~  Tip ¥ p
Sourcd12] 5070 p i 50°0 p 500 p
2- Discrete Sparse n  riplt8 o + i ¥ pltf8 i)
Source (Onesided) 5070 p nma men he ing) 000 p M 000 1hyh8hp
S
3- Symmetric n O h ¢h phdplgf A - pfrip ¥ pltf8 A
Di L N 7w LM Mo
SIOSLj:I"fete Sparse voo o 500 Yhp fRd 000 nhAh8hA
na 1B man ma) tp ¢ S
nma) man h8 hng)
PR S N R N NS

4- AlmostStrictly n = + phrip B 0 f,Qo<” mh,
Sparse Source & 0w B — 06 500 nﬁp ﬁﬁﬂ §

P Al ® B — Qb q S (I v Qw h* m

P o

5- Non-strictly n s + plt B 0 0 p " T
Sparse Source s s . n.n
(Compressible @ Qe B~ 0 P bbo -he & 0 Qe Rt om
Sources) nNQw B — Qw
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NotethaB  © n,' mtfor all values ofi,
and]  is the Dirac delta function. flen themodel
produces small continuous naero values with a very
low probability, while the mbability of zero is pretty
high.

Qw B
— MNw

"ng

- p Nl @ ©
B

1.5 Model 5(Compressible Sourcks

By substituting azero mean low varianc&aussian
density function,” ¢ , instead ofthe Dirac delta
function in the previous modefero values are replaced
by small norzero values In that casethe resultant
distribution simply representsa compressible source
The PDFfor this source is presented in (As presented
in table Il and equ&n (7), the resultant model ia
Gaussian mixture with a special structure, i.e. ra@dn
the Gaussian components are distributed symnaBiric
each Gaussian componerdancrepresent classfor a
different range of magnitudethe model assiga each
sampleto a classaccording to its magnitudeso, this
model is calleda Multi-class Magnitude Classifying
source model.

(¢ B — Na " p NG
we 7
B —Tw
As before, we havB | 0 n, " 1, and

TL
4. Proposed estimation algorithm

DCT coefficients of still images and video sequences
are practical examples of reabrld nonstrictly sparse
sources (compressible sources). The final model in
section 2 (model 5) is an appropriate choicesfresent
thesekinds of sourcesThe previous modelsre either
unimodal as those presentedid] or aredesignedo be
a combination of zermean distributions just likthose
given in[12]. In fact, Model 5 is an extension of the
earlier models that include multimodainctionswhich
are not necessarily composed of zerean dstributions.
In order to estimate the parameters of this madehave
developed an estimatianethodby combining a simple
clustering technique with the binary genetic algorithm
[39]. Tot hi s p Algoptlomsle , i i i nttr od
fiAlgorithm 10 presentsa simple and basiapproactfor
estimating the parameters dfiemo d e | Aldosthm
20 is then
fAlgorithm o 1 t 6 s
calledin the body ofAlgorithm2. Assuming the average
values ( d& ) are constantAlgorithm 1 clusters the
samplesnto subsets arour* d. Then the variance and
the weight of each clusteis calculated anda raw
distribution is establishedIn Algorithm 2 each of the
raw distributionsis interpreted as a chromosome for the
evolutionary optimization algorithm. In fadklgorithm
2 is a genetic optimization algorithm that tries to evolve
the chromosomes provided Bygorithm 1into an elite
chromosome with the least possible cost (a distribution
with the least Chsquare value).

Let the setS be a large dataset containikg DCT
coefficients("Y & ), andlet N = 2n+1 be the
number of clusters, theumber of Gaussian compents

173
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devel ope djivenys e dcoefﬂuents, and U _ _
worth Agoithmilis n i Jparameters corresponding to the evolutionary - sub

Serial n096

in model 5 indeed Clusters are partitions of the s&
andthe cluster centroidsire considered to be the mean
values of Gaussian compongim model 5. The sete
includesall the cluster centroidgyd sC = &F ¢

pF8 F&). The histogram ofthe DCT coefficientshasa
symmetricshapeAccordindy, sete is considered as the
collecton of values with odd symmetrie., ' C
for 'C Tiplgh8 FE. Consequentlyd is considered as an
odd integer.

The algorithm includes two steps. In the first stép,
clustering step, the input samples are partitioned(1to
sutsets In the second stepthe estimation step, a
Gaussian distribution is assigned to esalset €luste)
using the maximum likelihoo@stimation method. The
detailed pseunstc 0 d e i s Algoiithmelln i n

By assigningproper values t¢ d, Algorithm 10 i s
capableof estimatingthe parameters of model 5. The
resultant esti matAgdithmBdeli s pr
not necessarily optimized to have the minimum error. To
achieve better results, some mandatooglificatiors are
needed. The cluster centroids should be selected
accurately instead of being chosen empirically. In other
words, the members of seitmug be selected in such a
way that the least possible error is obtairealthis aim,
an evaluation criterion is embedded in the procedure of
selecting the cluster centroid. , the cluster cetroids
are updated in each iteration of an evolutionary- sub
algorithm where its objective function ke chisquare
goodness of fitf40]. The chisquare goodness of fit
criterion is given in equatio(8) where'(z is the number
of bins in the histogram of DCT coefficient” is the
number of DCT coefficientthatbelong tothe bin "Qand
"C & is the estimate®@DFof DCT samplesA PDFwith
aless... scoreis a more accurate estimate than one with
a highervalue. Since the... score is not differentiable,
so the derivativdree optimization algorithm embedded
i nAlgérithm2® coul d make a perfect
reliable results. In the following, the pseudade of the

final modi f iAlgadithna®d or st gmve i
g 08Ca
®
08w
uced firs

I nAlgdrithm 2 "Yis the set includiny input DCT
F&c FO , andD  are the

algorithm which is actually based on the binary genetic
algorithm introducedn [39]. 0 is the number of
chromosomes in the populatiofiom generation to
generation® is the probability of mutation of every
single bit,0 is the number of chromosomes in the
mating pool, and finallyd  is the number of iterations.

In the binary genetic algorithm, chromosomes are arrays
of optimization variables and in their binary form, they
are defined as a sequence of genes. Each gene is a
sequence a0 bits; so a chromosome in its binary
form includes( 0 ¢ bits, where¢ is the
number of variables of the timization problem.
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Algorithm 1
Initializ Choose the number of classO ¢c&¢ p
Input: DCT coefficient’Y &, centroids of each cla~~,"C ¢k & pf8 F phnipFs R
1 QQE Qi &CQ B F [t F BF
/IClustering phase:
2: fori=1toK
3: Findjsotha® & & * HQb Q¢ Qa@LA: &F ¢ pMB F phipls R
4: Assigna: to clusterj G & 6 (0T O IFMO & @iaQe H Qi
5: End

/[Estimation phase

6: forj=-n-n+1:;1¢,0, 1, é, n

7 ‘W pfl B (N

8: ., pfi B o ¢

9 0 — (where¢ QBMnumber of elements in cluster j )

10: End

Output: ‘H, FOhC &R & pMBRES
The number of optimization variablesO ¢¢ p, zero anc' is considered to bequal tozero, then the

but since the centroiq * are symmetric around actud number of independent variables is equai.to

Algorithm 2

Initiali o & ,0,0 ,0,0

Vlnput: DCT coefficients’yY

1 E€ —,0 0 &

2: Generate population matry

3: whilei 0

4: Decodey toy

5 for a8 plgh8 FO

6: if NGSQrow of v contains zero or it has duplicate elements

7. Ssubstitutes the | 6th row with a propeil
9: End

10: for pn pltF8 FO

11: Generate E PP F P BF D®MIM Y diQRc
12: pérformAIgorithm 1(ef06 &t QQQQ& ™ o A)iand product HF, F0 ;

13: Producec ¢ B — o ¢ p N B LMo ¢

14: End

15: Compute cost function using equation (19) forC. «

16: Sort the rows ofy according to their corresponded cost value

17: Crossover: Seled first rows of v (they are corresponded to the lowest cost valyEa); them up
18: Mutate: randomly Sele«  of population matriy ; invert selected bits.

19: Liop

20: End of While

21: Decode the first row oV to* F BF

22: PerformAlgorithm 1 onY &« ande * ‘' F [f F BF

Output ‘v F) ,j=-n,-n+1, &,, 0, 1, &, n
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fAlgorithm 2 st art s wi t h g e ner mutation rate is considered equam® y0 is equal to
0  random potential solutions each located in a row of 8,thenumber of clusters), is equal to 1I1themaximum

the matrixy . Every single row of the matrix number of iterationsd , is set to 12, and finally the

represents a chromosome containinggenes each  NUMber of bitsineach gerd , is 16. _

includesd  bits. The matrixy is the decoded Fig. 3 presents thlegareistudm s2
. on DCT coefitients of the Hall Monitor frames when the

form of the matrixy and each row of number of classes is 11. Fig. 3(a) shows the normalized

Y corresponds to a sequence of the optimization histogram of DCT coefficients. Fig. 3(b) illustrates the

variables;i.e * FF B F .The noticeable rangd the estimated Gaussian functions for each component. The

DCT coefficients varies frors50 to +50; however, the ~ sum of all componentsyhich is actually the BF of
optimization variables are considered positive and range Model 5, is given in Fig. 3(c). Finally, Fig. 3 (d) shows
from zero to 50. Although unlikely, it is always possible ~ all figures in one picture. As seen in Fig. 3(c), the sum of
to decode a chromosome into a sef Ebcontaining Welghted Gaussian functions could model the normalized
zero, or a sequence caitting equal values. In general, ~ histogram.  Performing the algorithm on DCT
such cases do not cause a disruption to the performancecoefficients of the other videadmes, provide similar
of the evolutionary sullgorithm embedded in results. In all curves, the range of DCT coefficients is

fAlgorithm 2 but m aAjgoritlima s et ofilimited to the interval {60, 50] just for convenience in

mal f unct i oAlgorithm Bi nicse ciial | elllustrations i d e

fAlgorithm @ s o duplicate vatues can also disrupt Similarly, in Fig. 4 the parameters of model 5 are

the perfoAlgotmc® oo i hey @estimated when the samples are DCT coefficients of

replaced. cropped face submages from the Biold dataset. Similar
After generating the matriy . each row of to Fig. 3, Fig. (4a) shows the normalized histogram of

y is a string of @ So for each rowthe sef is DCT coefficients, Fig. 4(b) illustrates the estimated

) . N Gaussian functions for each component, Fig. 4(c) shows
formed and by aAgeihm lon ¢ @ S.a  the sym of all components that is adty the estimated
PDF is created. From Equation (19), a cost value is jstripution. Finally, Fig. 4(d) shows all curves on one
calculated for theacheved PDF. Therefore, for every  piot Similar to Fig. 3(c), in Fig. 4(c) the sum of weighted

row of y , there would be a corresponded cost Gaussian functions could model a hedaijed
value. In the next step, the rows V- are sorted distribution that is properly matched to the normalized
according to their corresponded cost valuesttierows histogram of DCTsamples.

with lower cost appedirst and the ones with greatcost There is a clear difference between the curves given in
values appear afterwarmhen the very first) rows are Flg 4 and those given in Flg 3. It is noticeable that the

selected to mate (crossover) and produce the offspring. Normalized histogram and estimated PDF of BiolD
To this am, a crossover point is randomly selected Samples (Fig. 4) are narrower in comparison with the
bet ween t he first and | Similar curves corresponded tHall Monitor videqt s g
chromosomes. Crossover in its most common form frames (Fig. 3). The main reason arises from the fact that
involves two parents that produce two offspring. The Video frames of the Hall Monitor contain much more
parents produce a total 0 offspring, so the variations and details in comparison with the-8uhges

chronosome population goes back() . In the next from the Biold dataset. Consequently, the DCT
step, the mutation performs. A single point mutation coefficients of Hall Maitor frames include much more

changes a 1 to a 0, and vice versa. Mutation points are glq[hfr(etQLiﬁnci/hC?rcvpc:gen'ii thgr&?osemfrow ::e Bf'o,:r?
randomly selected from tt0 0  total number of ataset. other words, the components ot the
bits in the population matriMut ati on does r]Blold images are much more centralized around zero in

n the pop . - comparison with DCT components of Hall Monitor video
the final iteration; also, the algorithm does not perform it

. " ) , frames.
O e e e e e, The nuneical resls (e estimate parameters of
and the algorithm is repeated as many times as gxécif mo d ° | 5) ach . eAlgerithm By oap MICYTI n
o : : ; coefficients of Hall Monitor, Football, Foreman,
by the parametel .' Atter t_he_lastlteratlon, the flrs_t Carphone, and the Biold dataset are presented in Table
row of the population matrix is decoded to the final

| f th Co ables T 8 F Il T Table VII respectively.
values ot the optlmlzatlon variab'es ) The chisquare goodness dit statistics shows the
Having* i the seie is formed. Finally, by performing

~ ? N perfor magaittm Df i i compari son
gﬁ‘lrﬁg\r/'ézm B on EeSthegparaimeters of modebse most widely used models including Laplace, Cauchy,

generalized Gaussian (GGD), and Noisy BG
distributions (Table VIH Table XII).

=.Numerical results and Discussion . . The PDF of Laplace distributioi? « , is gven in
To evaluate the model, its performance in modeling equation (9)43].

real samples is measured. The samples are collected from

the DCT coefficient of face images cropped from the

well-known Biold[41] database, as well as famous video MNe —C— FH O D T )
frames including the Hall Monitor, Football, Foreman, B

and the Carphoni@2]. The parameters are set as follows. Where ¢ and w are location and scale parameters,
The rumber of population( is equal to 15, the respectively.
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Fig. 3. The results of performingAlgorithm 20 onthe DCT coefficients of the Hall Monitor frames to estimate
parameters othe model 5. (a) Normalized histogram of DCT coefficients. (b) Gaussian components. (c) Sun
Gaussian components. (d) Figures (a), (b), and (c) in one plot.

The PDF of the Cauchy distributi¢43] is also given in statistic value for every set of different DCT coefficients,
(20). it is clear that the proposed model provides lesgalue
than the other weknown distributions.The ... values
s . . - numerically show that the proposed model and the
Ne ——— kb 0o Ho @ (10) corresponded e sAlgoritha i)o nh anveet h
. - ) provided a superb approach in modelling compressible
Where w and w are location and scale parameters, gsoyrces like DCT coefficients. Fig.i5Fig.9 shows the

respectively. efficiency of the proposed mettigraphically.
It is clear that when the DCT coefficients are more
. . oS . concentrated around zero the source is sparser, like the
n oo —L P o an case of DCT coefficients of the BiolD dataset as depicted
o i T in Fig. 5. Also according to the results presented in

Tables VIII to Xl, it is shown that the proposed model
provides a more accurate description of the DCT

c 2 . . - coefficients compared to the other models especially
dlstrlputlon is given in (11), wherw, o, andgoare when the source is sparser. It needs to be mentioned that
location, scale, and shape parameters, respectively. Also even in cases that the source reflects less sparsity, the
3% . G 6 Qoasthe Gamma functiof22]. proposed model is still capable of providing a fit
Fig. 5- Fig. 9 shows e normalized histogram of the  distribution, while the other models are not capable
DCT coefficients of the BiolD database, hall monitor, enough when they come to reflect the characteristics of
foreman, carphone, and football video sequences and such sources. So, it could be concluded that the proposed

Finally, the PDF of the generalized Gaussian

their corresponded estimated distributions. Table VIl model is more flexible. The main readonits flexibility
Table XII contains the estimated parameters of each comes from the fact that it has more parameters
distribution as well as the corresponded -shuare compared to the other models

goodness of fit value. According to the -cguare
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