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RESUMO

A técnica dospeckldaser dinamico processa os padrdes de interferénci
Optica formados quando uma luz coerente incideesolona superficie com
rugosidade igual ou superior ao comprimento de aadmz incidente. Quando
a superficie em questdo tem origem biolégica, aitéctem sido chamada
simplesmente ddiospecklelaser e tem sido utilizada cientificamente para a
guantificagdo da atividade biolégica de materiais diferentes areas do
conhecimento. O elevado numero de situagBes emvéumnesendo aplicado,
associado a complexidade do sispéckldaser, demanda técnicas de analise de
sinais que possam auxiliar a extragcdo das inforesg@ que pode ser realizado
por meio de técnicas graficas, como os métodos ji €& de diferencas
generalizadas (DG), ou por meio de interpretacG@sénicas, como, por
exemplo, a técnica da diferenca dos valores alusoli#VD). Ainda assim, a
analise dos sinais no dominio da frequéncia apa®e® uma alternativa que
pode fornecer informacdes adicionais sobre os padde interferéncia do
biospeckldaser. Neste contexto, as transformadas de Faider wavelets tém
sido as ferramentas mais utilizadas para a anébpectral dospecklelaser
dindmico e, embora haja trabalhos na literatura cesultados favoraveis
utilizando ambas as técnicas de andlise espeséialha relatos indicando qual
ferramenta é a mais indicada para os daddsiakpeckldaser. Por outro lado,
as caracteristicas de evolucdo no tempo e aledaoikedos dados depeckle
laser dinamico favorecem a utilizacdo de ferransee&atisticas, tal como a
andlise dos componentes principais (PCA) e a andliss componentes
independentes (ICA), as quais apresentam a vantdgsndiferentes vertentes
em que podem ser aplicadas e por se adequaremaatecaticas dos sinais em
estudo. Dessa forma, o presente trabalho foi exdizom o objetivo de avaliar
as transformadas de Fourier e wavelet, de formadi@ar a ferramenta mais
apropriada para a andlise espectrabiubspecklelaser, propor a filtragem dos
dados daspeckldaser dinamico por meio da técnica estatistica RCpor fim,
0 pré-processamento das saidas graficas de amlalidqsospeckle laser via
ICA,visando a melhoria da qualidade visual das #nagdigitais finais. O
trabalho esta dividido em trés partes, sendo agidnuma reviséo de literatura
sobre os principais temas abordados na tese; nmd&gecao apresentam-se
trés artigos cientificos desenvolvidos para ateadsrobjetivos propostos e, na
Ultima divisdo, estéo as consideracdes finais.

Palavras-chaveBiospeckldaser. Fourier. Wavelet. PCA. ICA.



ABSTRACT

The technique of the dynamic laser speckle proseshe optics
interference patterns formed when a coherent ligbtises on a surface with
roughness equal or higher than the wavelength efirtbident light. When the
surface in question is biological, the techniques leeen called simply of
biospeckle laser and it has been used scientificallquantify the biological
activity of materials in different knowledge are@be high number of situations
in which has been applied, associated to the codtyplef the speckle signal,
demand by signals analysis techniques that cansta#is¢ extraction of
information, which can be accomplished by graphigathods, such as Fuijii and
generalized differences (GD), or through numericgdrpretations, for example,
the technique of the absolute values of the diffees (AVD). Even so, the
signal analysis in the frequency domain is an adtive that can provide
additional information about the interference patseof the biospeckle laser. In
this context, Fourier and wavelet transforms ha@nlthe most used tools in the
spectral analysis of the dynamic laser speckle alticipugh there are reports in
the literature with favorable results using botbhraques of spectral analysis,
there are no reports indicating which tool is mosticated for the biospeckle
laser data. Moreover, the characteristics of tinmution and randomness of the
dynamic laser speckle encourage the use of stafigthols, such as principal
component analysis (PCA) and the independent coemoanalysis (ICA),
which have as advantage the different aspectsctimatbe applied and fit the
characteristics of the signals under study. Thhe, gresent study aimed to
evaluate the Fourier and wavelet transforms tccatdi the most appropriate tool
for the spectral analysis of the biospeckle lakepropose the filtering of the
dynamic laser speckle data using the statistidsntgoe PCA and, finally, pre-
processing the graphical output of biospeckle lasatysis via ICA, to improve
the visual quality of final digital images. The Wwowas divided into three parts,
in which the first is a literature review of the im&opics discussed in the thesis;
the second section presents three scientific pageveloped to perform the
proposed approaches and, the last division, tta dwnsiderations of the thesis.

Keywords: Biospeckle laser. Fourier. Wavelet. PGRA.
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PRIMEIRA PARTE

1 INTRODUGAO GERAL

A técnica optica dspeckidaser dindmico ou dbiospeckidaser analisa
padrées de interferéncia formados quando uma lereote se espalha sobre
uma superficie rugosa. Consiste de uma ferrameitadestrutiva que vem
sendo utilizada em processos industriais, na nr&licia agropecuaria e em
outras areas do conhecimento, como instrumento dantificacdo e
monitoramento da atividade bioldgica do materialesstudo.

A atividade bioldgica consiste de um conjunto decpssos relacionados
ao movimento de particulas do objeto estudado gode ser interpretado como
0 somatorio de movimentos moleculares e estrutu@isnaterial em analise,
bem como pelo movimento browniano dos liquidos garess nos materiais e
pelas variagdes dos indices de refracdo na regidtumhinacéo, contribuindo
para o batimento Doppler que é observado pelasra@me

A andlise ddviospeckldaser é realizada pela correlacdo dos padrbes de
interferéncia Optica no tempo, 0 que resulta erdasagraficas ou numéricas.
Nas andlises graficas, processamentos sdo reaizednimagenspecklee o
resultado sdo mapas com a variabilidade espacialtidaade biolégica; por
outro lado, as interpretacdes numéricas atribuerorasm as atividades
bioldgicas, o que elimina a subjetividade dos nmésagtaficos.

Todavia, a adocdo de outras técnicas que possaitraaexmelhorar a
analise e a interpretacdo dos dados, de formarecefeinformac@es adicionais
sobre os padrdes de interferéncia optica que compd®ospeckidaser, é bem-
vinda e a analise dos dados no dominio da fregaé&eai sido uma interessante

opgao.
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Todavia, a adocao de outras técnicas que possaitiaaexmelhorar a
andlise e interpretacdo dos dados, de forma acefereformacfes adicionais
sobre os padrdes de interferéncia Optica que comespecklelaser é bem
vinda, e a analise dos dados no dominio da fredguésm sido uma interessante
opcao.

Nesse sentido, diversos trabalhos vém sendo calwhuzitilizando a
analise espectral do sinal dumospecklelaser, de forma complementar a
classificacdo grafica e numérica, e, dentre asarfentas disponiveis para as
analises, as transformadas de Fourier e de wagdletas mais utilizadas.

A transformada de Fourier apresenta o conteada#apdo sinal sem o
intervalo de tempo em que as componentes espeotraiseram, enquanto a
técnica de wavelets permite analisar os dados &redtes escalas e em cada
instante.

Embora ambas as técnicas venham apresentand@desustatisfatorios
na andlise do sinal doiospecklelaser, ndo ha trabalhos que investiguem qual
delas é a mais apropriada e se a transformadawtieFa@ue € mais simples, do
ponto de vista computacional, é suficiente paradlise espectral depeckle
laser dindmico.

Por outro lado, a natureza aleatéria e a evolugdempo dos dados do
biospeckldaser favorecem a utilizagéo de ferramentas etats na analise dos
dados, o que abre espaco para as técnicas desat@di€omponentes principais
(PCA) e para a andlise dos componentes indepesddGi).

PCA e ICA sdo técnicas estatisticas multivariadisssicas que
transformam os dados iniciais em um novo conjunt® abservacdes
descorrelacionados e estatisticamente independeespctivamente.

Ambas as ferramentas tém chamado a atencdo da idaden
académica pelo nimero de abordagens em que podeaplsmdas, seja na

reducdo do volume de dados com o minimo de pendasextracdo, na
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identificacdo e na classificagéo de caracteristibasn como na filtragem de
dados e como técnica de pré-processamento parthariaela qualidade visual
de imagens.

Partindo do exposto, este trabalho foi realizadm @o finalidade de
aplicar técnicas de analise no dominio da freqaémcie ferramentas estatisticas

multivariadas em dados tdospeckldaser. De forma especifica, objetivou-se:

a) avaliar as ferramentas de analise no dominio apuérmcia, Fourier
e wavelet, nos dados @speckidaser;

b) propor a filtragem alternativa dos dadosspecklelaser dinamico,
por meio da analise dos componentes principais;

c) explorar a analise dos componentes independentesprée
processamento dos métodos gréaficos de andlisebiakpeckle

buscando melhoria na qualidade visual das imagdeais f

O trabalho foi dividido em trés partes. A primgi@te consiste de uma
revisdo de literatura em que se abordam os priiscipmas discutidos na tese.
Ja na segunda sec¢do apresentam-se, de formarestaytés artigos cientificos
gue procuraram responder aos objetivos especifiessritos anteriormente e,

por ultimo, na terceira divisdo do trabalho, estSconsideracdes finais.
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2 REFERENCIAL TEORICO

2.1 Speckle laser dinamico

O specklelaser é um fendbmeno de interferéncia 6ptica quarec
quando um material é iluminado por uma luz coergntese dispersa sobre uma
superficie qualquer (RABAL; BRAGA, 2008). Quanddiegdo a superficies
dindmicas, observa-se uma continua formacéo desrediferentes padrdes de
interferéncia optica e esse padrdo aleatério e ndawd de interferéncia
denomina-sespecklelaser dinamico owiospecklelaser, se a superficie em
guestdo for de origem biolégica (RABAL; BRAGA, 200BDUNEK et al.,
2013).

A andlise desses padrdes de interferéncia no temposendo validada
como instrumento de quantificacdo e monitorameat@tividade bioldégica na
agropecuaria e trabalhos, como os apresentadoSgwalho et al. (2009), na
avaliacdo dos pardmetros de motilidade de sémergelzmo bovino; por
Kurenda et al. (2012), na analise do efeito deelifies niveis de temperatura na
atividade biolégica de macgés e por Zdunek e Hempfid012), no estudo da
relacdo entre pigmentos de clorofila presentes esgdm e sua respectiva
atividade biolégica sdo alguns exemplos recenteapfieacdo ddviospeckle
laser.

A atividade bioldgica expressa no contextospecklelaser dinamico
pode ser entendida como a combina¢do de movimerdteulares e estruturais
ocorridos no material em andlise, variacdes docéndle refracdo na é&rea
iluminada, movimento browniano nos liquidos presgntas amostras e efeito

Doppler observado nas cameras (ZDUNEK et al., 2Gl8)tre outros.
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A observacdo direta dos padrdes de interferéndieadpdo permite sua
guantificagdo e, por ser um fendmeno dindmicdiaspecklelaser deve ser
analisado com técnicas de processamento de imagatamento estatistico
(RABAL; BRAGA, 2008), o que pode ser realizado pueio de técnicas
gréaficas ou numéricas.

Os métodos graficos sdo processamentos das imdigtas speckle
gue geram mapas indicando a variabilidade espdaiatividade biolégica, a
medida que as interpretacdes numeéricas conferepregalpara a atividade

bioldgica.
2.1.1 Técnicas graficas de analise do biospeckle laser

Ha disponiveis, na literatura, diversos métododiags para a analise
dos dados dbiospeckldaser e as técnicas de Fuijii e de diferencas ghrexlas
vém sendo as mais utilizadas nos trabalhos ciendifiatuais, merecendo

destaque.

Método de Fujii

O método de Fuijii (FUJII et al., 1987) tem commpipio trabalhar as
imagens obtidas de um corpo iluminado, identificaadntensidade luminosa de
cada pixel que a compde. A técnica consiste no ®uimadas diferencas de
intensidades luminosas entre uma imagem e outree sosoma das intensidades
entre uma imagem e sua subsequente (fator de p@ddgr conforme descrito
matematicamente na Equacéo 1.

il
-\ Lyl — I ixy)
Ll II.': ':XJ‘_I'F:I + Il':—i I:XJYE

k=1

Fujii (x,y)

(1)
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gsima ;

em que l(x,y) é a intensidade do pixel de coordenadas) @la imagem.

O resultado sera uma nova imagem, em que as redgdaka atividade
sdo representadas em tons de cinza-claro e ase@m®ass ilustram regides de
baixas atividades.

A amplificacdo dos movimentos em A&reas mais escérasma
caracteristica do método de Fujii, resultando emgens mais claras de forma
geral, quando comparadas com as do método derdjfeygeneralizadas (DG)
(BRAGA et al., 2009).

Método de diferengas generalizadas

A técnica gréfica de diferencas generalizadas, gpoa vez, foi
apresentada por Arizaga et al. (1999) como umanaliga ao método de Fuijii.
A expressdo matematica (Equacdo 2) que descrevétodm de diferencas
generalizadas ndo apresenta o fator de ponderagddenominador e as
diferencas entre as intensidades dos pixels foramerglizadas a todo o
conjunto de imagens capturadas.

DG (x,y) = ZZEZ%:%IIZP_':X,F}— Lea(xy) |20
B

)

em que DG (x,y) é a imagem resultante da aplical#idécnica sobre um
conjunto de imagens; I(x,y) corresponde a intem@daiminosa presente na
coordenada x e y de cada imagem k.
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2.1.2 Andlises numéricas do biospeckle laser

As andlises numéricas vieram para suprir as irgtapbes subjetivas
dos métodos graficos. A medicdo dos niveis dedatilé abre espaco para a
utilizacdo do speckle laser dindmico como ferramenta de metrologia e
complementa as informacdes visuais advindas dagéécgraficas, melhorando
a qualidade das analises.

A técnica numérica adotada no presente trabalha paandlise do
biospeckldlaser foi a diferenca dos valores absolutos (AM)p calculo tem
inicio com a histoéria temporal dos padr8psckle

Histdéria temporal do padrao de speckle

A historia temporal do padréo dpeckle(time history speckle patterns
THSP) foi proposta por Oulomara, Tribillon e Duvayn(1989) e avaliada por
Xu, Joenathan e Khorana (1995) e consiste de unzmeim que oferece
informaces sobre a evolugdo temporal dos padéggatkle

A técnica consiste em coletar uma mesma linha agémspeckleem
instantes sucessivos e organiza-los verticalméade, a lado, em uma imagem
bidimensional intermediaria. As imagens THSP satrim&s m X n com pixels
em niveis de cinza, em que o eixo das abscissasea informacgfes sobre a
evolugdo temporal dos pixels selecionados e, no dias ordenadas, h4 o
registro da distribuicdo espacial dos padrbes teef@réncia.

Com a histéria temporal do padrdo sfgeckleconstruida, o proximo

passo para o calculo dos valores AVD é caractesiraatriz de coocorréncia.

Matriz de coocorréncia
A matriz de coocorréncia (MCO) na analise numédoabiospeckle

laser é utilizada como passo intermediario no ¢alaos valores AVD e
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expressa o humero de transi¢des de cada pixelatemm THSP com respeito ao
seu vizinho imediato (ARIZAGA et al., 1999).

A MCO é uma técnica muito utilizada em processameiat imagens
para caracterizar a textura de imagens digitaisR{RA; CRAMARIUC;
GABBOUJ, 2007) e é descrita matematicamente pala¢ap 3.

MCO =[N; ] 3)

em que MCO consiste na matriz de coocorréncia;jiséo as intensidades
sucessivas e jNcorresponde ao numero de ocorréncias de um vador d
intensidade i, seguido por um valor de intensidade se deslocar pelas linhas

ou colunas da histéria temporal.

Se um material apresentar baixa atividade, o TH®REcpmente nao
apresenta variacbes de intensidade ao longo dooteenpua matriz de
coocorréncia é caracterizada por pixels que api@setons de cinza com pouca
variacdo, ou seja, a mudanca de intensidade dd pipara o pixel j sera
pequena.

Entretanto, se o material a ser analisado apreseltaatividade, sera
possivel observar THSP com grande atividade e aizmdé coocorréncia
apresenta os elementos ndo nulos préximos da dibgancipal. Na Figura 5
apresenta-se, graficamente, a THSP e suas regseniatrizes de coocorréncia
para materiais com alta e baixa atividade biolagica
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(A) (B)

Figura 1 Histéria temporal e matriz de coocorrén¢f® Material com alta
atividade e (B) material com baixa atividade
Fonte: Silva et al. (2011)

s

A matriz de coocorréncias € modificada para a dfigagdo das
variagcBes de intensidades sjzeckle A modificacdo é realizada dividindo-se os
nuameros de transicdes de cada linha da MCO pel@tdoim dos valores de
ocorréncia de cada linha (RABAL; BRAGA, 2008), commfie Equacéo 4.

M. = Nij
"IN (4)
Dessa forma, o somatdrio das componentes em aauada matriz de

coocorréncia modificada € igual a 1.
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Diferenga dos valores absolutos

A partir da matriz de coocorréncia modificada, Bragt al. (2011)
propuseram um método para quantificar a atividaiddddica, denominado
diferenca dos valores absolutos (AVD), que indi@ancque frequéncia
ocorreram mudancas bruscas de intensidade na niati®P. A Equacédo 5

descreve matematicamente a diferenca dos valosefudds.

AVD = N Mii i—i)
i (5)

Esta técnica exibe altos valores quando a amogirasentar alta
atividade e baixos valores em situac@o contrasge Edlculo € uma ferramenta
importante para estimar a atividade global em da®mplicacdes bioldgicas e
nao biolégicas.

A combinacdo da analise no dominio da frequéncia eoétodos
graficos e numéricos tem sido uma alternativa @amnalise dos dados do
biospeckle laser, permitindo abordagens que proporcionam sngiara o
isolamento e a marcacdo de frequéncia de variésrfenos observados.

2.2 Andlises no dominio da frequéncia

Filtragem dos dados, melhor contraste das imagpesklee definicdo
de marcadores de frequéncia associados a fen6nhisidgicos sdo algumas
areas de trabalho referidas com a analise dos ddaldsospecklelaser no
dominio da frequéncia. As transformadas de Fowievavelets tém sido as

ferramentas mais utilizadas para a analise espdesses dados.
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2.2.1 Transformada de Fourier

A transformada de Fourier pode ser entendida coma ferramenta
matematica que transforma um conjunto de dadosodonio do tempo para o
dominio da frequéncia por meio de funcBes senosseenos de periodar 2
(MORETTIN, 1999). A Equacdo 6 descreve matematicaena transformada

de Fouirier.

[ O

flw)= | f(t). e at
L ©)

em que
wo=2nf

| f(w) | = amplitude de cada componentdo sinal.

Uma forma util de entender a transformada de Foéripensar que o
sinal f(t) & projetado em um conjunto de funcBemse cossenos representadas
pelas exponenciais complexas (Equacéo 6).

Nas ciéncias agrarias, a transformada de Fouriersapta inUmeras
aplicacBes. Por exemplo, Ferrdo et al. (2003) m@@um uma nova metodologia
para a quantificacdo do tanino em café cru, porond@ espectroscopia por
reflexdo difusa no infravermelho; Dick et al. (2D0O&ilizaram a teoria de
Fourier para avaliar o efeito residual de queimapsddicas nos atributos
quimicos e na matéria organica de um Latossolo ¥kwane Pontelli et al.
(2010) a empregaram como ferramenta na avaliac@imideipos de suspenséo
passiva de barra em condicbes simuladas de piktey de varios outros

trabalhos.



25

Existe também a transformada inversa de Fouriemjd& que retorna os
dados do dominio da frequéncia para o dominio opdee que é representada

pela Equacéo 7.

[ O

ft) = flw). ™t dew
™)

A transformada de Fourier apresenta o conteldcceapeo sinal sem
fornecer o intervalo de tempo em que as componesfectrais aparecem e sao
indicadas para a analise de sinais estacionariogenfe-se por séries
estacionarias séries cujos momentos estatisticnsp @ média, a variancia e
outros, nao variam ao longo do tempo.

Dessa forma, a analise de sinais ndo estaciongimscorresponde a
maioria dos casos presentes na natureza, ou eag@isiem que o instante em
gue as frequéncias ocorreram € importante, invzabdu limita a aplicacdo da
transformada de Fourier (SIFUZZAMAN; ISLAM; ALI, 2@), e abre espaco
para a adogédo da transformada de wavelet pardiseapgpectral dos dados.

2.2.2 Transformada de wavelet

A transformada de wavelet é uma ferramenta matem&jue tem
despertado o interesse da comunidade académica nesioltados satisfatorios
gue tem apresentado na analise de problemas enrsatvedreas do
conhecimento, como, por exemplo, no processamesnteirthis, em areas de
saude, hidrologia, geofisica espacial e outras @&N, 2006; LIU et al.,
2010).

Definida como uma decomposi¢cdo multirresolucdo @arandlise de

sinais e imagens, a transformada de wavelet cactes dados por meio da
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energia de cada escala e translacdo (XU et al.4)19%%nforme descrito

matematicamente na Equacéo 8.

a

<fvan > = [ 0w (2) a ®

em que < fy, > corresponde ao espectro de wavelet, f(t) € d estadado no
dominio do tempo, a varidvalrepresenta a escalabea translacdo da funcéo

wavelet maey, {1).

A transformada de wavelet € matematicamente dascotmo uma
convolucéo entre o sinal de interesse e a funcaeletamae na escala e
translacad.

A escala é a compresséo ou a dilatacdo de umadfenesta relacionada
a frequéncia em que altas escalas equivalem asbfizquéncias e as baixas
escalas equivalem a altas frequéncias. Ja a tcdoslaorresponde ao
deslocamento de uma funcadt) por um valor k, o que é representado
matematicamente pai(t - k) (KARIMI; PAWLUS; ROBBERSMYR, 2012).

Existem, disponiveis na literatura, diversas fuscfigie de wavelet,
cada qual com suas patrticularidades, e a funcdodmadorlet foi a escolhida
para as analises dos dados, no presente trabalaopndxima relacdo entre sua

escala e a frequéncia de Fourier, como discutid@plansky et al. (2010).

Wavelet de Morlet

Apresentada por Grossmann e Morlet (1984), em atmjicom
pesquisadores da equipe de Alex Grossman, do Cdatrigisica Tedrica de
Marseille, na Franca, a wavelet mae de Morlet &éamplexo de amortecimento
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exponencial com um conjunto de paradmetros de g8claonforme descrito

matematicamente na Equacéo 9 e ilustrado graficenmanFigura 2.

. i
Yo(n) = w025 x eMWe x @72 )

em que w é frequéncia (adimensional) com um valor que fegtisa condicdo
de admissibilidade.

05

-4 -2 0 2 4

Figura 2 A wavelet mée de Morlet
Fonte: Liu et al. (2010)

E possivel observar, na Figura 2, a regularidadesienetria da funcdo
mée de Morlet, duas importantes caracteristicasadasdaleta.

O regresso dos dados do dominio da frequéncia @ataminio do
tempo também é possivel por meio da transformaderda de wavelet e a
Equacéo 10 descreve o processo de reconstrucatados para a onda mae de
Morlet (TORRENCE; COMPO, 1998).

(10)
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em que §°°é um fator que converte a transformada de waeetedensidade de
energia eg;, 82°° Cs e yo(0) sdo constantes especificas da funcdo base de

Morlet.

Por outro lado, a caracteristica de evolugdo n@deena aleatoriedade
dos dados dapecklelaser dindmico abrem espaco para a adocdo ded8cni
estatisticas na analise dos dados (RABAL et all2RObuscando facilitar as

interpretacdes.
2.3 Técnicas estatisticas

Dentre as diversas ferramentas estatisticas disggenfa literatura, a
analise de componentes principais (PCA) e a analise componentes
independentes (ICA) tém chamado a atencdo da cdaumiacadémica, pelas
diferentes abordagens em que podem ser utilizadanrdlise de sinais.

2.3.1 Andlise de componentes principais

A andlise de componentes principais € uma técn&ssica de analise
estatistica multivariada dos dados que consistéramsformar um conjunto de
variaveis originais correlacionadas em outro cdigjuite variaveis sintéticas
descorrelacionadas, as chamadas componentes pinc{plYVARINEN;
KARHUNEN; OJA, 2001).

A transformacao dos dados para o dominio PCA &eela por meio da
decomposicdo da matriz de covariancia em autovaler@utovetores, e as

componentes principais calculadas correspondemaaombinacédo linear de
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todas as variaveis originais e ortogonais entreosique nao permite a
redundancia de informagfes (STONE, 2004).

O ponto de partida da analise de componentes paiiscé organizar 0s
dados em uma matrk¢ de dimensdell x N, conforme descrito na Equacao 11.

K11 Xgz v Xy
g9 Xzz - Xay
=1 : . .
Mi Xmz 0 XMN (11)

em queM representa 0 numero de observacddsas variaveis.

Ao estudar dados de diferentes unidades, é comenosjypontos mais
distantes do centro dos dados tenham maior inflaéque os pontos mais
préximos e, para evitar que essa influéncia ofusqaralise, a média dos dados

€ extraida utilizando-se a Equacao 12.

Vn = Xn — E(xy) (12)

em queyy sdo os dados centralizados em torno da megiggo as observacdes
referentes a varidvéll (Equacéo 11) e K{() é a esperanca estatistica do vetor

amostraxy,.

Entende-se por variaveis ou vetores amostra cadaacaa matrizX
ilustrada na Equacdo 11 e, seguindo os procedimelscanalise PCA, tem-se
gue o préximo passo é o célculo da matriz de camaia, que € igual a esperanca
do produto da matriz de dados centralizados enmotdian média Y) e sua
transposta (Equacgéo 13).
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Civ=E(Y.Y'T)
(13)

em queC, é a matriz de covarianci¥, e Y' sdo, respectivamente, a matriz de
dados centralizados em torno da média e sua ni&mnigposta e E corresponde a

esperanca estatistica.

Os elementos da diagonal principal@eorrespondem as variancias dos
vetores amostras e os elementos fora da diagomatipal representam a
covariancia entre as variaveis. Valores nulos paravariancia significam que as
variaveis aleatdrias em estudo sao descorrelaasr&thDFIELD, 2010).

A matriz de covariancia € real e simétrica e essamcteristicas
permitem sua decomposi¢cdo em um conjunto de aoiegale autovetores
ortogonais (JUNG; SEN; MARRON, 2012), conforme Efial4.

(G- 2.1).V= (14)

em queék sdo os autovalore¥, é a matriz de autovetores$,ea matriz identidade.

Os autovetores, também denominadolddings na terminologia PCA,
representam a contribuicdo com que cada um doss @xginais entra na
composicdo dos novos eixos, as componentes priscipa os autovalores
expressam a quantidade de varidncia original dasquelos respectivos
autovetores (SILVA; MINIM; RIBEIRO, 2005).

O produto entre a matriz de autovetor®y € a matriz de dados
centralizados na média) (Equacdo 15) traz como resultado um novo conjunto
de dados descorrelacionados, as chamadas componeinteipais ou escores
(SILVA; MINIM; RIBEIRO, 2005), encerrando a sequénde calculos da PCA.
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CP=VT.Y (15)

em queCP sdo as componentes principais.

Conforme descrito por Cheriyadat e Bruce (2003)gJ$en e Marron
(2012) e Zhang et al. (2010), a analise dos dadosaminio PCA permite
identificar, extrair e classificar caracteristicds sinal, reduzir o volume de
dados com menor perda possivel de informacéao, lmeno diltrar sinais. Essa
versatiidade de aplicacdo da PCA, aliada a suaabaiomplexidade
computacional, tem despertado o0 interesse da coadmi académica em
diferentes areas do conhecimento.

Neste contexto, trabalhos como os conduzidos plwa,SMinim e
Ribeiro (2005), na analise sensorial de diferembescas comerciais de café
organico; por Mélem Junior et al. (2008), na avd@l@mde resultados analiticos
de fertilidade de solos do Amapéa e por Salgado &Na010), no estudo do
risco de producdo de frango de corte no estaddddePgulo, sdo exemplos da
aplicacdo da PCA na agropecuaria.

A reconstrucdo dos dados originais também é petine permite
visualizar a contribuicdo de cada uma das compeseptincipais para o
conjunto de observagfes iniciais, possibilitandoompactacdo de dados e a
eliminacdo de informagbes indesejadas. A Equacdoiiéscreve

matematicamente a transformada inversa de PCA.
X=V.CP)+ puX) (16)

A ferramenta PCA busca a descorrelacdo dos dadgpsais, entretanto,
pode-se optar por uma propriedade mais restritalacomo a independéncia
estatistica, o0 que abre espaco para a aplicac@zmiaa analise de componentes
independentes para o processamento das obseruaictgs.
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2.3.2 Andlise de componentes independentes

Se duas variaveis aleatoria® b sdo estatisticamente independentes, as
observacdes contidas em uma das variaveis nacctamaenhuma informacéo
sobre a outra (MORETO, 2008), e essa afirmativaén&alida para variaveis
descorrelacionadas.

Duas variaveis descorrelacionadas linearmente.epemplo, significa
que, utilizando um modelo linear, ndo se podem @oankesses sinais. Todavia,
nada impede uma relacdo entre essas varidveis @0 oe modelos
matematicos de ordem superior, pensamento comumimmulso das
interpretacdes.

Dessa forma, a independéncia estatistica € umaiquage mais restrita
gue a correlacdo. Duas varidveis aleatérias dftatizente independentes séo,
necessariamente, duas variaveis descorrelacioreatastanto, se duas variaveis
sdo nao correlacionadas, nada se pode afirmar ayéarsgua independéncia
estatistica (MORETO, 2008).

Neste contexto, a analise dos componentes indepEsddCA) é uma
técnica que visa identificar e separar as fontagnais de dados estatisticos
multidimensionais (as misturas), por meio de umacaupor componentes
estatisticamente independentes e n&o gaussiano$ABH GHANBARI,
2011).

Conforme descrito por Faier (2011), as variavesdformadas sao
componentes implicitos que descrevem a estrutsenesl dos dados, em que
Se espera que essas componentes correspondanma algusa fisica envolvida
no processo de geragdo dos dados.

Para melhor entendimento da andlise ICA, suponhaaiar aleatéris

com N fontes originais de interesse e nado conhecido, ¢amo
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s=[I51 52 = Sx]IT. As fontess foram misturadas por meio da matriz
A, denominada matriz de misturas, e resultou nogissiobservados (OJA;
YUAN, 2006; STONE, 2004), como descrito matematieate na Equacao 17.

Xx—A.s (17)

em quex corresponde a matriz com as observacdes misturadas matriz de
misturas es, as fontes originais.

A Unica variavel conhecida na Equacdo 17 é o vetotom as
observacdes misturadas e o objetivo da técnicad@icontrar uma matriz de
separacdoW que realize o0 processo inverso da matriz de mistédra
recuperando as fontes originais

A identificacdo e a separacdo das componentes endeptes sdo
realizadas por meio da maximizacdo da ndo gauda@dmie a sequéncia de
célculos para a estimativa das fontes originaisitéoip com a centralizagcdo dos
dados em torno da média, semelhante ao procedimeaiipado na analise PCA
e cuja operacdo matemética esta descrita na Eqiacéao

A fim de simplificar o problema ICA e auxiliar asotinas
computacionais de estimativa das componentes indep&es a convergir mais
rapido, é recomendado o branqueamento dos dadtslizmos em torno da
média §), conforme relatado por Ahamad e Ghanbari (20&&), e Sejnowski
(1995) e Karhunen (1996).

O branqueamento é uma transformacéo linear quetréinaformar os
dados centralizados na médya €m um novo vetork) em que as observacdes
sejam descorrelacionadas e tenham variancia @mif@OSTA, 2006). A
Equacéo 18 reproduz matematicamente a operacaamigugamento.
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1
m=E.Dz.ET.y 81
em quem sdo os dados branquead&s,é a matriz de autovetores [@

corresponde a matriz diagonal de autovalores daiardd covarianci€,, =

v.y).

Uma vez os dados branqueados, o desafio da ICAcéngar uma
matriz W, denominada matriz de separacdo, que permita esnups fontes
originais (AHAMAD; GHANBARI, 2011; OJA; YUAN, 2006) conforme
Equacédol9.

n=W.m (19)

em quen s&o as fontes originais estimadasg a matriz de separacall € A™)

em sao as fontes branqueadas.

Existem, na literatura, diversos algoritmos paraestimativa das
componentes independentes de um conjunto de oh8exva a base de célculo
de cada um estd na maximizacdo da ndo gaussianidagee é realizado
minimizando a informag&o muitua, maximizando os resl@bsolutos da curtose
ou da negentropia, dentre outros.

Caso as fontes originassejam estatisticamente independentes e nao
gaussianas, restricdes que devem ser consideradas pao comprometimento
da ICA, as fontes estimaday) a0 as mais proximas possiveis das observacdes

des.
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Abstract

The dynamic speckle is a non-destructive optiaginaue that has been used as
a tool for the characterization of the biologicatiéty and several studies are
conducted to obtain for more information about ttwrespondence of the
observed phenomena and their expressions in tedarénce images. Analysis
in the frequency domain has been considered as rhdwaternative, and
although there are works using Fourier transfortihéfrequency analysis of the
biospeckle signals, the majority present the wavedasform as tool for spectral
analysis. In turn, there are still doubts if theufter transform is not enough for
the analysis of the biospeckle, which would endb&reduction of processing
time since an operation is computationally simplerthis context, the present
study aims to compare the constituents’ parts efsieckle signal according to
Fourier and wavelet transforms for numerical analybhe comparative analysis
based on the absolute values of the differencdmigae (AVD), were carried
out for performance evaluation of the Fourier army&let transforms, in which
the speckle signals were decomposed spectrallysabsequently reconstructed
with the elimination of specific frequency bandsesBlts showed that the
wavelet transform allowed more information abowgmasis constituents of the
dynamic speckle, emphasizing its use instead oFthaier transform, which in
turn was restricted the situations in which theyoiniterest is to know the
spectral content of the data.

Keywords: Spectral analysis; dynamic speckle; lgjicial activity.
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Comparacao entre as transformadas de Fourier e de wavelets no sinal do

biospeckle

Resumo

O speckledinamico é uma técnica Optica ndo destrutiva cune sendo validada
como uma ferramenta para a caracterizacdo da adidioldgica e varios
estudos estdo sendo conduzidos para se obter maidoemacdes sobre as
correspondentes dos fendmenos observados e suessEgs has imagens
interferéncias. A analise no dominio da frequénera sido considerada uma
potencial alternativa e, apesar de existirem thazatjue utilizam a transformada
de Fourier nas analises em frequéncia do sinalbidspeckle a maioria
apresenta a transformada de wavelet como ferranpanta analise espectral.
Dessa forma, ainda ha duvidas se a transformaBawtér néo é suficiente para
as analises espectrais Hmspeckle o que permitiria a reducdo do tempo de
processamento uma vez que a operagdo € compulavdm@ mais simples.
Neste contexto, o presente estudo foi realizado cahjetivo de comparar as
partes constituintes do sinal dpecklede acordo com as transformadas de
Fourier e de wavelet para analises numéricas. Asan comparativas, baseada
na técnica da diferenca dos valores absolutos (D¥kam realizadas para a
avaliacdo do desempenho das transformadas de Feut@ewavelet, em que 0s
sinais do speckle foram decompostos espectralmente e, em seguida,
reconstruidos com a eliminacdo de bandas de freferespecificas. Os
resultados mostraram que a transformada de wawglsgsentou maiores
informacdes sobre os sinais constituintesspgeckledindmico, enfatizando sua
utilizacdo em vez da transformada de Fourier qaespa vez, ficou restrita a
situa¢des em que o Unico interesse é conhecertelttmespectral dos dados.

Palavras-chave: Andlise Espect@fieckleDinamico; Atividade Bioldgica.
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1 Introduction

When a coherent light, such as laser, illuminatesowgh surface,
compared the wavelength of laser, occurs a phenmmehoptical interference
with the formation of light and dark regions, cdlgpeckle (ZHAO et al., 1997).

After applying the dynamic surface, there is a twaus formation of
new and different speckles, and these random ananaig interference patterns
is called dynamic speckle or biospeckle, if theaarencerned is biological. This
technique allows extracting information about theictures movement of the
illuminated material, making it an interesting tanlseveral knowledge areas
(RABAL; BRAGA, 2008).

The biospeckle has been used as a technique toureeaetailed
extensions of pine roots (RATHANAYAKE et al., 2008) even the biological
activity of roots in tissue culture (BRAGA et a2009), in assessing the water
activity in maize and beans seeds (CARDOSO et26éll1), to studies of the
relationship between chlorophyll pigments presardpples and their respective
biological activity (ZDUNEK; HERPPICH, 2012), andweral other papers.

The biological activity expressed in the context spfeckle does not
present a clear definition of what phenomenon Eating, however can be
understood as structural and molecular motions roiogcu in the material
analysis (BRAGA et al., 2009), Doppler effect, Bromn motion, variations of
the refractive index (PASSONI et al., 2005), amaniers. It is a complex
signal and with causes still investigated (COSTAakt 2010), which is a
challenge and at the same time a motivation.

In this context, the use of image processing tegles and signal analysis
tools can be used in the biospeckle signal to staled better this optical
phenomenon.

The interference patterns analysis can use grdpitiethods, that generate

maps indicating the spatial variability of the loigical activity, or a numerical
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interpretation of the temporal variation of patteformed. An alternative the
graphical and numerical classifications are sigmallysis in the time domain or
in the frequency domain (CARDOSO et al., 2011).

The analysis of biospeckle signals in the frequethayain has been an
alternative for many applications, allowing thetefil and images contrast,
beyond search of frequency markers of phenoment dbatribute to the
formation of the interference patterns in time,dascribed by (CARDOSO et
al., 2011). Thereby, Fourier and wavelet transfooas be a good choice to
make such analysis in the frequency domain.

Several studies have been conducted using therapectalysis in the
biospeckle signal, such as Rabelo et al. (2011)used the Fourier transform to
analysis bean seeds contaminated by two kinds ofifand managed to
differentiate them using the harmonics amplitudenda et al. (2005) assessed
damage in apples and seed germination using watrelesform and defined
frequency markers for biological phenomena, as agllCardoso et al. (2011)
who studied maize and beans, and cancer isolatidmiers.

Although there are many papers applying spectrallyais in the
biospeckle signal the most journals use wavelesfoam and there is not works
evaluating if Fourier transform, that is simpleathwvavelet transform, is enough
in the frequency analysis of the dynamic speckiethis context, the present
study aims to compare the Fourier and wavelet toamsin the spectral analysis

of biospeckle signal.
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2 Theory

2.1 Time history of the speckle patterns (THSP)

The biospeckle is a nondestructive optical techmiduased on the
analysis of the variations of the laser light sratti from material, and the
biological activity presented reflects the state the investigated object
(ANSARI; NIRALA, 2013).

Follow a set of pixels of the images speckles mttime is a method of
monitoring their time variations and consequently biological activity of the
studied object, and, in this context, Oulamarapilfon e Duvernoy (1989)
proposed the Time History of the Speckle PatteFhSP).

The THSP is a two dimensional image that recorcedam line or
column of pixels in successive moments and arrahgen vertically side by
side. The x axis show information about the timelaion of the selected pixels
and the y axis is the spatial distribution of theteiference patterns
(OULAMARA,; TRIBILLON; DUVERNOY, 1989).

2.2 Co-occurrence matrix

The co-occurrence matrix was presented by Arizagai e Rabal (1999),
and expresses the number of the transitions of €SP pixel with respect to
its immediate neighbor. Equation 1 describes madtieally the co-occurrence

matrix.

Mg = [Nii] (1)

which:
Mco is the co-occurrence matrix; Morrespond the number of occurrences of an
intensity value i, followed by an intensity valuegg move through rows or
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columns of the time history.

Phenomenon that show low biological activitiesjrthiene variations of
the speckle patterns are slow and present a TH8Fohtally in the elongated
shape and the co-occurrence matrix is charactefigedmall changes of the
pixels intensity to i and j, as illustrated in thigure 1A. However, materials that
exhibit high biological activity shows fast intetysivariations in the THSP that
resemble an ordinary spatial speckle patterns lagid ¢o-occurrence matrix has

nonzero elements near the main diagonal (Figur§ BRBBAGA et al., 2003).

THSP Moc
(B)

Figure 1 Time history of the speckle patterns duairtrespective co-occurrence
matrix. Materials with low (A) and high (B) biologal activity

2.3 Absolute values of the differences (AVD)
One of the methods for analyzing of the speckléepag is the technique
of the absolute values of the differences (AVDppwsed by Braga et al. (2011)

as an alternative the inertial moment technique.
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The AVD method is a statistics moment of first arddich it is applied
on the co-occurrence matrix and generates a nu(ADESARI; NIRALA, 2013)
which allow quantify the biological activity of th&tudied material. Equation 2
presents mathematically the AVD technique.

AVD = 3 S TIMLij 416 - )NC
2)

which:

AVD is a dimensionless value, i and j are coordirabf the row and column
respectively, and MWis called of modified co-occurrence matrix andt tisa
presented in the Equation 3.

M, = o
7 LN (3)
According Braga et al. (2011), the inertial momehbwed be more
sensitive than AVD on analyzing processes that lirevohigh biological
activities, although when this variation is not istense, this method is less

efficient.

2.4 Fourier transform

Information of the biospeckle data in the frequedoynain has been an
alternative to the interpretation of the interfererpatterns (CARDOSO et al.,
2011), with the possibility of improve the visuaiion of some phenomena of
the studied material and to know their spectrahaigres. In this context, the

Fourier transform is one of the tools that can $eduto spectral analysis of the
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biospeckle.

Fourier transform can be understood as the matleahédchnique that
transforms a signal from the time domain to thejdency domain, and it is
formed by a set wt) = €™, n = 0, 1, ... of orthogonal functions, of peridd
(MORETTIN, 1999). Equation 4 described mathemaijcalhe Fourier

transform.

flw)= | flt). e ™ di
Lo 4)

which:
o=2xnf

| f(w) | = amplitude of each componenbf the signal.

There is also the inverse Fourier transform, whichsed to transform
the signal from frequency domain to time domairhwite reconstruction of the
original function. Equation 5 presents the mathéabéxpression of the inverse

Fourier transform.

~ OO

f) = | flw). et dw
LA (5)

The Fourier transform indicates the spectral infation of the signal
without providing the instant which these composdmppen, and in situations
that to know when the frequencies occur are intiexg@precludes the use of
Fourier transforms, unless if the series is staprSIFUZZAMAN; ISLAM;
ALI, 2009). In this context, the wavelet transfoisran alternative that provides
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the instant the frequency components occur.

2.5 Wavelets transform

The wavelets are simply waves of duration adjustéth energy
concentrated in variables intervals (GRAPS, 199)ich makes it a great
useful method for time series analysis, that exhihiaracteristics that can
change in the time and in frequency.

The continuous wavelet transform is defined asctimyolution of f(t) with
a scaled and translated versionydfTORRENCE; COMPO, 1998), called wavelet
mother. Equation 6 describes mathematically théroaous wavelet transform.

e t—b
< fhap > = | f.:t:.w(T) dt

- (6)
which:

f(t) is the studied signal

a scale parameter

b translation value

vadt) is the mother function of wavelets

< f, yap > is the spectrum wavelets.

The scale is related to the frequency, in whichhligales correspond to
low frequencies and low scales correspond to higljuencies, whereas the
translation is the displacement of the mother fiemcabout the studied signal
(KARIMI; PAWLUS; ROBBERSMYR, 2012).

The return of the signal from frequency domainitieetdomain, inverse
wavelets transform, allows observe the behaviorthaf signal in specifics
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frequencies bands and also the reconstruction efatiginal function f(t).
According Torrence and Compo (1998), the inverseela transform can be

realized by the sum of real part of wavelet specstam all scales (Equation 7).

()

which:
s%%%is a factor that convert the wavelets transforrariargy density,

8;; 8% Cs; wo(0) are specific constants of the base function use

One of the major difficulties in wavelet analysssthe identification of
the scales set used in the wavelet transform. Qo wavelet, there is a limit
and a discrete set of scales, as given by Fargg2)1l8owever, for analysis of
non-orthogonal wavelet, can use an arbitrary scae$o build a more complete
signal (TORRENCE; COMPO, 1998).

In this context, Torrence and Compo (1998) suggette Equations 8
and 9 to calculate the scales interval to be usethe wavelet transform, in

which s is the lowest and J is the highest scale.

s; = sp .2H0 i=012,..] ®)

N.&6t ..II

J= 8 1.L0G,|
A ]

(9)
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The g should be chosen so that the Fourier periodds and to the
Morlet wavelet the largest value that can adjustdbale i of 0.5. For other

wavelet functions can be used a larger value.

2.6 Sampling theorem

The sampling theorem describes the relationshipvdet sampling
frequency of a signal and the frequency maximunthefreconstructed signal.
Below is transcript the sampling theorem as pregsthy Shannon (1949).

“Theorem 1: If a function f (t) contains no freques higher than W
cps, it is completely determined by giving its orties at a series of points
spaced 1/2 seconds W apart”.

According to the theorem, the number of samplesymitr time of a
signal is called rate or frequency sampling (W)Y &alf the sampling frequency
corresponds to the frequency maximum of the sigiéth can be reproduced in
full without aliasing error.

The sampling theorem is used in this work to defthe highest
frequently during the decomposition of signals.

3 Materials and methods

It was conducted a comparison between Fourier ancehet transforms
using the time history of speckle patterns (THSE&ative to a paint drying
process and presented by Silva et al. (2011).

The database was formed by 8 THSP’s collected 2achinutes during
the paint drying using the back-scattering expeniiaesetup. Each time history
was made by a set of 128 images, resolution oft1840 pixels, whose time
acquisition between images was of 0.08 secondsp{samfrequency of 12.5
Hz).
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The lines of the THSPs were concatenated creativeyasignal that was
decomposed into frequency spectra using Fourierveaelet transforms with
application posterior of the inverse transform. $ofrequency bands were
eliminated before the reconstruction of the sigmalrder to analyze the results of
the speckle signal using a numerical method to oreabte speckle activity. The
selective filtering was conducted as well in ordercreate some frequency
markers linked to the physical phenomena under todm.

According the sampling theorem the highest frequehat can be seen
in the reconstruction process is 6.25 Hz, and usiegEquations 8 and 9 were
calculated the number of frequency bands usederrtnsform. In addition, in
the continuous wavelet transform was used mothmeatifon of Morlet, a damped
complex exponential with a set of oscillation pagsen that preserves an
approximate relationship between the scale of tlawelet analysis and the
frequency in a Fourier analysis, as described lbgridky et al. (2010).

The signal resulting of the inverse transform wasverted to THSP
format again and numerically analyzed using thartiegie of the absolute values
of the differences (AVD) (BRAGA et al., 2011), athebir values compared to the
gravimetrical measurement.

Figure 2 illustrated all the methodology used.
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Figure 2 Methodology used to the data analysiswivich 1 represent the
concatenation, 2 is the Fourier or wavelets spetand 3 correspond
to the inverse process of the concatenation

AVD

4 Results and discussion
The Figure 3 present the absolute value of themiffces for the THSP's
of the paint drying process with decomposition aadonstruction of some

frequency bands using Fourier transform.
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Figure 3 AVD values of the THSP’s of the paint dryiusing Fourier transform
for spectral analysis

The data reconstructed in the frequency band fram@&25 Hz (Figure
3), here called of total reconstruction, correspaadhighest reconstruction
possible in accordance with the sampling theorerd,the original data are the
AVD values of the time history of the paint dryingthout filtering.

The dynamic speckle signals reconstructed in frecjes bands 5.74-
6.25 and 5.23-6.25 Hz presented gradual reductigkV® values along of the
paint drying process, closer to the behavior of thmginal data, total
reconstruction and to the weight of the paint dyyiklowever, the addition of
low frequencies components in the reconstructioaocgss resulted in the
oscillation of the AVD values in the fifth time hisy, as observed in the Figure
3. We attribute those oscillations to the influené¢he atmospheric conditions
that occur in experiment of paint drying as theized by Silva et al. (2011),
which did not interfered in the first moments sitice paint volatility was higher

and thus undermined the presence of the modulaifothe signal in low
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frequencies linked to the atmospheric conditionshsas temperature and

humidity, and the Figure 4 illustrates these infation’s.

g - 123 Hz
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Origiral

Weizht of the paint drying (areme)

e Weight of L paint

o1

00

Tune History of Speckle Paitems

Figure 4 AVD values of the time history of the gaidlnying reconstructed with
some frequencies band using Fourier transform

The Figure 4 presents that the signals reconstiwetin components of
low frequencies (associated the temperature anddityrwariables) are mixed
with the data reconstructed using components dfi figquencies (linked the
volatility) in the first moments, and which aloniget paint drying process, the
paint volatility stabilize and make possible to @h® the high oscillations of the
data reconstructed using low frequencies component.

In order to clarify the spectral information fouidthe fifth THSP, a
mathematical model was adjusted in the AVD valdethe original data, using
the least squares method, to describe the prodessra drying. The Equation
10 present the mathematical model adjusted and-itpere 5 illustrates the

regression curve.
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v=-0.003624x* +0.062957 x3 - 0.340004 x’
+0.450417 x + 0.8894 44 0j1

which:
X is the TSHP number,
y is the normalized AVD value.

The mathematical model adjusted showed a corralatidex of 0.98

and mean square error of 0.0048 with respect totiganal.

ms)

AVD values

Vieipht ofthe paint dry ng (gren

0.0
1 2 3 4 5 6 7 8

Time History of Speckle Paiterns

wgm VD valles e Adjistad Model s Weight of the paint drying

Figure 5 Regression adjusted to describe the dayirig process

The first derivative of the adjusted model
(v = —0.014496 x* + 0.188869x” — 0.680007 x + 0.450417 )
when equaled to zero, showed that the regioniftte THSP is a minimum
local, and this means that the AVD values reachesngmum value and then

initiates an oscillations related to the variatiohshe temperature and humidity.
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These results are similar to the behavior of thatpeeight at time presented by
Silva et al. (2011) (Figure 5), in which is possiltd observe a stabilization of
the weight values after the fifth data acquisitiand leads us to assume that the
drying time of this paint is one hour and twentyhaotes, approximately. In this
context, the dynamic speckle analyzed by Fouramsfiorm allowed to observe
this transition occurred in paint drying structure.

In addition, the distance between the original aigrand reconstructed

signals were evaluated and the results are illiestria the Figure 6.
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(B)

Figure 6 Signals reconstructed in specific freqyebands by inverse Fourier
transform and the original signal. (A) Addition @dmponents of low
frequencies in the signals reconstruction and (Bjrdase high
frequencies components in the inverse transform
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The largest distances were observed in the sigeatmnstructed using
few spectral components and these distances betweggimal signals and
reconstructed signals were reducing to use a lang@ber of components in the
inverse Fourier transform, as waited.

In addition, the correlation index between the ioad signal and the
signals reconstructed in the frequencies bands7d#-6.25, 5.23-6.25 and 4.20-
6.25 Hz were of 0.86, 0.94 and 0.98, respectivEhe high correlation of 0.86
using just a small portion of the frequency band ba explained by compact
support of the Fourier basis functions in the fergpy domain, which allows
using in data compression with minimum loss of infation, as discussed by
Morettin (1999).

The speckle signals is not stationary (SENDRA; MAERDO;
PASSONI, 2007), unviable to use the Fourier tramsfoThus, frequency
analysis using the Fourier transform is restrictedsituations in which are
interesting to know the spectral information of tada.

Otherwise, the spectral analysis using the wauedgisform presented
different behavior in the high frequencies and $ignal reconstructed using
more components of low frequencies made the resldtser to the original
signal, as illustrated in the Figure 7.
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Figure 7 AVD values of the time history of speckletterns of paint drying
using wavelet transform for spectral analysis

The total reconstruction of the biospeckle sigmathe frequency band
from 0 to 6.25 Hz, showed behavior similar to thigioal data and to the weight
of paint drying, with the gradual reduction of #8%&D values in the time.

Furthermore, removing the low frequency componeims the
reconstruction process resulted in oscillationthim AVD values, in special, in
the signals reconstructed within the frequency eafrgm 4.20 to 6.25 Hz,
which the AVD values decreasing until the fourtheihistory and subsequently
increasing.

In this context, the high AVD values of the laghéi history in the
frequency bands 4.20-6.25 Hz are attributed theaamnoscillations and noise
presents in the biospeckle signal, without sigaificinformation’s about the
paint volatility, since that the energy of the timistory in the high frequencies
showed was reducing along of the paint drying aredgnted low values after of

the fourth THSP, as illustrated graphically in Eigure 8.
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THSP5 THSP6

THSP? THSP8

Figure 8 Energy of the 8 THSP’s for different frequaies

The energy of the THSP's (Figure 8) is represeintgdeudo-colors, the
ordinate axis correspond the scales and in theissascaxis is the time. The
light pseudo-colors indicate high energy while dahades are associated the

low energy, and the scales are inversely propatitm the frequencies, which
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the low scales are attached with high frequenameshagh scales with the low
frequencies.

It is possible to observe in the Figure 8 thatgbeudo-colors in the high
frequencies (low scales) are darkening in the tiwidch means reduce of the
energy in high frequency bands along of the paigind and which does not
justify the high AVD values in the last time hists.

The reconstruction of the signals using componehtsw frequencies

was also analyzed, and the Figure 9 shows thetsesul

AV values

Weight of the paint drying (grams)

1 2 3 4

Time History of $pecklz Fatems

Figure 9 Absolute value of the difference of theSRs of the paint drying
using wavelet transform for spectral analysis

In the first moments we see that the signals réamted using components
of low frequency and of high frequency mixed, insta which the paint volatility
was intense. Over time, the phenomena linked tchitjie frequencies stabilized,
allow to observe the oscillations of the signalornstructed with components of

low frequency, as the humidity and the temperature.
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The reconstruction of the signals showed corratatimlex higher than
0.90 with the original signal when used a wide frecy band, the opposite
showed when we used the Fourier transform. Ther€iQ presents the signals
reconstructed using wavelet transform against ttginal signal, and allow
observation the distance between the curves whesddied components of high

and low frequencies in the reconstruction of tlymais.
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Figure 10 Signals reconstructed using wavelet foammsand the original signal.
(A) Addition of components of low frequencies irtimverse wavelet
transform and (B) increase high frequencies compisria the signal
reconstruction

Signals reconstructed in frequency bands of 5.28;64.20-6.25 and
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3.18-6.25 Hz presented correlation index of 0.369Gand 0.92, respectively.
The Morlet function does not have compact suppdntch explains the need for
a large number of spectral components for greatoxppation of the original
signal. Furthermore, the addition of componentsiosfi frequencies (Figure
10A) and of high frequencies (Figure 10B) in thgnsi reconstruction made the
reconstructed data closer to the original signal.

In this context, the wavelet transform details $@tdnformation’s in
time, which does not occur in the Fourier transfoamd that in the analysis of
the biospeckle signals provides further informatadrthe studied process and
facilitates to understand the signals that crehi® ¢complex phenomenon of

optical interference, being the adequate tool fiedies in the frequency domain.

5 Conclusion

The Fourier transform allowed data analysis witmpact support,
while the wavelets provided definition of frequenowrkers and information’s
not presented in the Fourier analysis about theicfjmants of the dynamic
speckle signal and being the tool most adequatigdquency analysis.
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Abstract

Dynamic laser speckle is a phenomenon that intexypa@ optical patterns
formed by illuminating a surface under changes witherent light. Therefore,
the dynamic change of the speckle patterns caugebidbogical material is
known as biospeckle laser. Usually, these pattarhoptical interference
evolving in time are analyzed by graphical or nuo@rmethods, and the
analysis in frequency domain has also been anmptiowever involving large
computational requirements which demands new aphesato filter the images
in time. Principal component analysis (PCA) worksthwthe statistical
decorrelation of data and it can be used as aftli@@ng. In this context, the
present work evaluated the PCA technique to filketime the data from the
biospeckle images aiming the reduction of time cot@p consuming and
improving the robustness of the filtering. It wased 64 images of biospeckle in
time observed in a maize seed. The images weragadain a data matrix and
statistically uncorrelated by PCA technique, ara tbconstructed signals were
analyzed using the routine graphical and numerngathods to analyze the
biospeckle. Results showed the potential of the RGA in filtering the
dynamic laser speckle data, with the definition mfrkers of principal
components related to the biological phenomenavatidthe advantage of fast
computational processing.

Keywords: Biospeckle; principal components; filter.
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Andlise de componentes principais na anadlise espectral dos padroes do

speckle laser dinamico

Resumo

O speckle laser dindmico é um fendmeno que interpreta paddicos
formados ao iluminar uma superficie em movimentm agma luz coerente.
Assim, a movimentagdo dindmica dos padr§jescklecausadas por materiais
biolégicos sdo conhecido corbmspeckldaser. Normalmente, esses padrdes de
interferéncia Optica que evolui no tempo sdo aaddis por meio de métodos
gréficos ou de interpretagbes numéricas e a anddisdominio da frequéncia
também tem sido uma opcdo, entretanto, envolvendmdgs recursos
computacionais que demandam novas abordagens ifieaa ds imagens no
tempo. A andlise de componentes principais (ACBdalha a descorrelacéo
estatistica de um conjunto de observa¢bes e padetikeada para filtrar os
dados. Neste contexto, no presente trabalho, avatica ACP na filtragem das
imagens dobiospecklelaser no tempo, buscando a reducdo do tempo de
processamento computacional e a melhoria na rabukefiltragem. Foram
utilizadas 64 imagens dwospeckldaser de uma semente de milho. As imagens
foram organizadas em uma matriz de dados e dekmomadas
estatisticamente por meio da técnica ACP, e osissireronstruidos foram
analisados utilizando-se métodos graficos e numeidie analise dbiospeckle
laser. Os resultados mostraram o potencial danfiemtéa ACP na filtragem dos
dados do speckle laser dindmico, com a definicho de marcadores de
componentes principais associados a fendmenosghioke com a vantagem
do rapido processamento computacional.

Palavras-chavaBiospecklecomponentes principais; filtro.
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1 Introduction

Dynamic laser speckle, also known as biospecklenwapplied to
biological materials, is an optical technique tlpmbcesses the interference
patterns formed when a material is illuminated bhearent light. It is a non-
destructive technique and that has been validased #ool for analysis and
quantification of biological activity in the matati under study (RABAL;
BRAGA, 2008).

The term ‘biological activity’ expressed in the taxt of speckle does
not present a precise definition and it is undedtas the result of phenomena
such as the Doppler effect, Brownian motion, véiet of the refractive index,
structural and molecular motions occurring in thatenal analyzed, among
others (BRAGA et al., 2009; PASSONI et al., 2005).

Dynamic laser speckle technique has been usedvieraeareas of
research, such as in medicine, industrial process®b agriculture. Some
examples of recent application of this tool are wrks of Zakharov et al.
(2009) imaging blood flow in rodent brain, Mavilet al. (2010) studying the
process of paint drying, Ansari and Nirala (2012)nitoring the maturation of
Indian fruits, among others. In addition, the highmber of applications of
biospeckle brings with themselves the need forriggles of image and signal
processing that can help in the interpretation, affiek additional information
derived from these optical interference patterns.

The analysis of the data from optical interferenmdterns can be
accomplished using graphical and numerical appeRdRABAL; BRAGA,
2008), in turn, Cardoso et al. (2011) associateghycal and numerical analysis
using the frequency domain to create signaturessatate some phenomena.

There are many studies analyzing the spectral rimdtion of the

biospeckle data in different types of material andst use either Fourier or
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wavelet transforms as tools to analyze the dathénfrequency domain. Each
method has distinct characteristics and properfié® Fourier transform is

suited for stationary signals, which is not theecathe dynamic laser speckle
as reported by Sendra, Murialdo e Passoni (200ig),tlsis can compromise or
limit the use of the technique.

Moreover, wavelet transforms have shown useful ltesin the
segmentation of tissues, definition of frequencykaes, and data filtering, as
demonstrated by Sendra et al. (2005) in the assegsofi apple damage and
seed germination, as well as by Cardoso et al.1(P6tlidying seeds of maize
and bean and animal cancer. However, the waveatsform demands complex
computational operations, as well as requiring ssoigective choices such as
that of a mother wavelet. Argoud, Azevedo e Marialebo (2004) claimed that
the methodology for selection of the base funcisomot clear yet.

Despite the success of using Fourier and wavedastorm in frequency
analysis, there are other filtering techniques he titerature which can be
considered as alternative, overcoming the limitetiof the methods used
currently and providing information about this cdenp pattern of optical
interference. Additionally, even though existingthwels that have presented
important contributions to dynamic speckle analyisismay still be considered a
complex problem and, therefore, alternative methshisuld be examined in
order to undertake a thorough analysis.

In this context, statistical tools, such as priatipomponent analysis,
stand out as an option to analyze biospeckle detalescribed by Rabal et al.
(2012), the statistical techniques are indicateddftta with random nature and
with time evolution, which is the case with dynanrgiser speckle. In the basis of
the dynamic laser speckle phenomenon, the ladatr dicattering in a dynamic
way can be related to a multiple range of physacal chemical phenomena that

can be the considered the key factor to underssamadcorrelate the dynamic
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scattered output with the analyzed phenomenonf {&ERNE; PECORA,
1976).

Principal component analysis - PCA - is a clasgchnique for
multivariate statistical analysis of data, which nsists essentially in
transforming orthogonally a set of correlated obsérvariables into a new set
of uncorrelated variables, called the principal poments. The transformation is
accomplished by calculation of the eigenvalues aiggnvectors of the data
covariance matrix (JUNG; SEN; MARRON, 2012; SILVMINIM; RIBEIRO,
2005; ZHANG et al., 2010).

PCA has been used in many applications as a tootdoce the data
volume with the least possible loss of informatiolassification and clustering
of data, extraction and identification of patteransd also filtering of signals
(NIELSEN et al., 2002; RINGNER, 2008). Papers pnésg by Chen and Qian
(2011) and Souza Filho and Dinniss (1997) confima potential of principal
component analysis as filtering technique.

In this context, the present work aims at propogsimg usage of this
multivariate statistical tool as an alternative tbe spectral analysis of the
dynamic laser speckle signal. The proposed metlodists in applying the
PCA technique as a preprocessing tool for biospesifinal analysis. The
combination of PCA and existing methods like Fajjid GD is shown and
promising results have been achieved for real data.

The next section reviews the background theonhefrhethods used in
this work. The first subsection describes the tapkan of principal component
analysis, and sections 2.2 and 2.3 relates thé ahgi GD methods of graphical
analysis of biospeckle patterns while the last padsents the use of the

logarithm unit to carry out numerical interpretatiof the data.
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2 Theory

2.1 Principal component analysis ( PCA)

Principal component analysis (PCA) is a multivariastatistical
technique that describes a set of correlated ohsens in terms of a hew set of
orthogonal and uncorrelated variables, called graiccomponents, which are
linear combinations of the original variables (ABBWILLIAMS, 2010).

The transformation of the data to the PCA domaipeformed by the
decomposition of the covariance matrix into eigdmea and eigenvectors, and
this technique has been used in several applicadimas under different
approaches, such as use as a denoising methodjitantthe advantage of being
a convenient tool from a computational viewpointN&G; SEN; MARRON,
2012; XANTHOPOULOS; PARDALOS; TRAFALIS, 2013; ZHANGt al.,
2010).

Principal components analysis begins with the degdion of the data
in a matrix X of dimensionM x N, which M represents the number of

observations anll the number of variables, as illustrated in thedigu 1.

X1 Xjgz 0 Xy
Xz1 Xzz " Xzy
X=| . ) . :
Mi Emz 0 XN (1)

In order to avoid points distant from the data eeritaving a greater
influence than nearby points, (as would arbitradigcur when data are in
different units), the mean of each variable is reeabfrom data. This process is

called centralization of data and it is represele&quation 2.

Vi =%; — ulx;) 2
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wherey; correspond the data vectors centralized arourideofneany; are theN
sample vectors studied andxj)(consists of the mean of the sample vectors,

which can be calculated by the Equation 3.

o 1
ax) = — 7 xlj)
m = (3)

The variables or sample vectors, as it is calledzbang et al. (2010),

are each column of and are expressed mathematically in the Equation 4
% =[Eu Xu o Xm]’ 4)(

The data matrix organized and centralized on th@nmie used to

compute the covariance matrix as shown in the Emuat

C,Y=EY.Y'T)
)

which Y and YT are, in order, the data matrix centered on thennsed its

transpose, an@y is the covariance matrix.

The diagonal elements @f, represent the statistical variance while the
off-diagonal elements characterize the covarianebwvéen variables. Null
diagonal covariance means that the random varialales uncorrelated
(HADFIELD, 2010), though we cannot affirm about #tatistical independence
for the biospeckle, since the speckle patterngrie tannot be represented by a
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Gaussian behavior. Furthermore, the covariancebmiatreal and symmetric,
which permits us to decompos$®, into a set of eigenvalues and orthogonal
eigenvectors (JUNG; SEN; MARRON, 2012) using the&impn 6.

Clr = ‘i‘,rln .1|'rT
(6)

whereV = [0, @, ... @] is aM x M orthonormal eigenvectors matrix afd=

diag {M, A2, ..., Ay} is the diagonal matrix of eigenvalues, which> i, > ... >
Ame

The eigenvectors represent the contribution to ediche original axes
to the composition of the new axes, the princimathponents. The eigenvalues,
in turn, are associated with the original amourthefvariance described by each
of the eigenvectors (BATINA; HOGENBOOM; WOUDENBER&012;
SILVA; MINIM; RIBEIRO, 2005).

The last step of the analysis is the constructiothe uncorrelated data
matrix that is also known as the principal compdngcores, and which is
formed by the product of the orthonormal eigenvectatrix V and the data

matrix organized and centralized on the m¥aas expressed in the Equation 7.

PC=VTY 7)

which PC is the matrix of uncorrelated principal componsrires.
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From the data in the PCA domain, it is possibleetdract signal
characteristics, and according to Zhang et al. R0the signal and the noise of
a data set can be better distinguished in the R@WBaih, since the signal energy
and noise energy will concentrate in different stb®f the uncorrelated data.
Because of this ability, PCA is referred to asadistical data filtering method.

We can also consider the inverse PCA transformchvid used to back
transform the principal component scores (uncaedladata), thereby
reconstructing the original dataset. Equation 8semés the mathematical

expression of the inverse PCA transform.

X=(V.PC)+ u(X) @)

The inverse PCA transformation is a useful openatisince
reconstruction of original data with only some sfiedCs, discarding the rest
of them, can enhance important features not preljoeasily seen in the data
and/or remove the contribution of undesirable fegtsuch as noise. Such an

operation is also widely used for data compaction.

2.2 Fuijii method for biospeckle

One way to analyze the interference patterns oflyin@amic laser speckle
is the use of graphical methods, which display n&phe spatial variability of
the biological activity of the material studieddathe Fujii method is a tool that
fits this classification.

Fujii et al. (1987) presented this technique in dhalysis of a sequence
of dynamic laser speckle images. The method canefsthe summation of the

weighted differences between each image and tteequknt image (Equation 9).
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Lixy) - Lyixy)
L (x,y) + Ipsy (xy)

N
Fujii (x,v) = N
9)

where Fujii(x,y) is the resulting image andxly) is the gray level in the

coordinates x and y of thé' kmage.

The result is a new image, in which it is posstblevisualize the spatial
variability of biological activity. Regions of highctivity are represented in light
tonalities while dark areas illustrate regionsanf biological activity.

In addition, a feature of the Fujii method is thmpidification of
movements in darkest areas, making the imagesecledrien compared with
other approaches such as the generalized differeretbod (BRAGA et al.,
2009).

2.3 Generalized difference method (GD)

The generalized difference approach was introduned\rizaga et al.
(2002) as an alternative to the Fuijii techniquee Thethod generalized the
summation of the differences of the intensitiesngldhe whole sequence of

images and the weighting factor was eliminated éfqua 10).

DG (x,y) = ZZEZ%:%IIZP_':X,F}— Lea(xy) |20
BT

(10)

where GD(x,y) is the resulting image, apgkly) is the pixel intensity located in
the coordinates x and y of th8 knage.
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2.4 Logarithm unit

Comparison between the results before and afterattoption of the
filtering promoted by PCA of the biospeckle dataravearried out by means of
the logarithm scale, in particular by using theildelcscale.

The decibel (dB) is defined by a logarithmic redaghip that expresses
the ratio of a value being measured with a refagi8°ECHT et al., 2009).

Equation 11 describes mathematically the logarithumit in decibels.

W,
dB = 10 LOG,, {w )

(11)
where dB is the result of the logarithmic relatiopsexpressed in dB, and W
and W are the energies of the signal studied and thereefe signal,

respectively.

Negative dB results indicate that the data prongsspromoted
attenuation of the signal energy, whereas posiisdees express energy gain
after application of the analysis.

The energy of a discrete signal k[n] is the sumomatf squares over

time as shown in Equation 12.

Il
Wy, = E:Ik[n]l P

-

(12)

3 Materials and methods
In order to evaluate the proposed method, a dagdbas a maize fruit

illuminated by laser was used (BRAGA et al., 20@)d the approach adopted
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was the back-scattering. In the back-scatteringagmh adopted, the laser beam
reached the object in a plane and the scatterdd ifgat returned from the
sample was collected by a CCD camera in the sateecfithe plane where the
laser was positioned. The images in time were aeduin the CCD were
processed by image analysis and by statisticalepiures in order to quantify or
qualify the biospeckle phenomenon. In this worke tHatabase from the
illuminated maize had 64 gray level images, eadt w&iresolution of 490 by
256 pixels, and they were collected using the expmrtal setup with a time rate
of 0.08 seconds. The time rate adopted was enaugleduire all the relevant
frequencies in the signal, since the biologicalvégtof the maize seed is below
6 Hz (CARDOSO et al.,, 2011; SENDRA et al., 2005peTimages were
collected in order to get a sufficient focus of thaize, as well as with a clear
definition of the speckle grains, avoiding the sation of the light or the sub-
exposition on the whole sample.

Each image of the database was concatenated arsigtids formed
were vertically arranged side by side following thequence of the images.
Figure 1 illustrates the construction of the coenated images in the data
matrix X.
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Figure 1 Organization of the concatenated imagesniew data matrix

The data matrixX was transformed to a set of statistically uncaitesd
coordinates by the PCA technique, converting tligiral data to the PCA score
domain. In order to study the contribution of egcimcipal component to the
composition of the original signal, some principamponents were eliminated
before application of the inverse PCA transfornmy #mis selection process of
the PC’s was performed using three approaches:

a) Emphasis on the firgt principal components;

b) Using only the lash PC’s;

¢) A random choice of some PC's.

After selecting PC'’s, the inverse PCA transform whtained. Then, the
inverse process of concatenating image was dorerwdrd, the reconstructed
data were analyzed graphically by the Fujii and @igthods. Figure 2

summarizes the proposed methodology in a flow chart
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X11 X2 0 Xgqq

X21 Xgz2 * Xgp
X= : : . :

Xmi Xmz = Xmn
‘ PCA transform

!

‘ Principal components

First g principal Last / principal Specific selection
components components of some PC's
‘ Inverse PCA transform ‘

! ! 1

‘ Inverse operation of concatenate ‘

rm

‘ Fujii ‘ GD ‘ Fujii GD Fujii ‘ GD ‘

Figure 2 Methodology used

In order to carry out a numerical analysis andsigist the interpretation
of the processed data, one line each from the &nfli GD images resulting of
the graphical methods was selected, as illustrateligure 3. Each line was
shown in the same figure to compare its behavioteims of amplitude. In
addition, quantitative analyses were also carrigichy calculating the energy of
the chosen lines on the dB scale.



85

Figure 3 Position of the line selected in the risglimages

4 Results and discussion

4.1 Signal reconstruction using the firstg principal components

Figure 4 illustrates the biospeckle activity magdstioe maize fruit
analyzed using the PCA technique, in which we uted first g principal
components in the reconstruction process of theasig

Original
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(A)

Original

(B)

Figure 4 Fujii (A) and GD (B) images performed b@A° analysis with the
signal reconstruction using the firgt PC's and the correspondent
original images

The areas of high biological activity are illusaatby the light gray in
the images whereas the dark shades are linkedvt@dtivity (in pseudocolors
red means light gray and blue means dark gray}h&umore, the images named
as ‘Original’ presented in the Figures 4A and 4B, aespectively, the Fujii and
GD graphics of the biospeckle of the maize fruipnatessed with the PCA
technique, and they are the reference images éatdta analysis.

The total reconstruction of the data, using alp64cipal components in
the inverse transform, presented images visualytidal to the reference in
both graphical methods, in Figure 4A and Figure a#Bexpected. Moreover,
decreasing of the number of the first PC’'s usetheinverse PCA transform
attenuated the embryo information and kept the gpelon separation, so
filtering the data and segmenting the tissues.

Figure 5 shows the selected rows in the GD imadesrevit is possible
to observe the filtering effect in the tissues loé #mbryo and endosperm for
different values of}, and Table 1 presents the results of the numegitallysis,
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based on the data from Figure 5. In the embryoas wxpected the highest

activity since there are live tissues and water enoent contributing to the

Doppler beating of the scattered light, thoughha tndosperm the expected

activity should be lower than in the embryo sinberé is no presence of live
tissues in there, but only a reserve of nutrieBRAGA et al., 2001). Therefore,
the outputs presented the ability to tag that cbfiee with different levels

depending on the g values of PCA adopted.

Embryo

0,80

0,60

Normalized amplitude

0,40

0,20

——pg=6) =——g=3) ——g=16f ——pg=4 —Orginal

Figure 5 Filtering effect for different values g¢f used in the inverse PCA

transform

Table 1 Decibels and correlation index of the digmaconstructed using the
first g principal components and of the original signal
Maize fruit Embryo tissue Endosperm tissue

dB

R2 dB R2 dB R2

=64 -0.05

0.99 -0.05 1.00 -0.05 0.96
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g=32 -0.72 0.91 -1.29 0.94 0.15 0.96
g=16 -1.66 0.70 -2.87 0.80 -0.07 0.94
g=4 -4.28 0.25 -6.86 0.41 -1.70 0.67

Negative decibel values in Table 1 indicate atténnaf the energy and
positive values denote gain of energy in the aeguiline. Null values of
decibels mean that the two signals compared haveaime energy.

The dB values (Table 1) oscillated between 0.05 &r&6 dB for
embryonic tissue whereas for endosperm tissue kbpy close to zero, except
for g equal to 4, which presented an attenuation of dB0These results show
numerically a higher attenuation of the embryo detative to endosperm. Such
attenuation is shown in the Figure 5, where the rgmisignal exhibits large
changes for the differegtvalues, decreasing the normalized amplitude vhigh t
decrease of g, whilst the endosperm signal remaieed the original curve. In
addition, the correlation index presented lowectfhations in the values for the
endosperm tissue, which also demonstrates pregemaftthe characteristics of
the endosperm signal and modifications of the embsignal. The better
estimation of the level of those noise and varigion the signal can be
addressed by some techniques (SKIPETROV et alQ)20kich can validate the
filtering outputs at each case.

Kaiser (1960) proposed a statistical criterion tfirle the optimal
number of principal components to represent a datapplying this criterion to
the database used here, the optimal number ofipaincomponents was 16,
which explain 94% of the variance of the data. €fme, settingg equal to 4,
which describes 89% of the data variance, is censiitoo low to represent the

dataset by the criterion of Kaiser (1960). It ekmathe achieved attenuation in
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the amplitude of the endosperm representation lsigna the low correlation
index.

In this context, the inverse PCA transform usindydhe firstg PC’s
implements a low pass filter in the time expressibrihe images, attenuating
amplitudes associated to the high frequencies (gmland preservation of the
low frequencies, which represents the endosperivitgict

According to Scalassara, Barin e Maciel (2004), tinst principal
components contain information of a large proportid the signal variance and
the last contain basically the noise variance (hifjpquency signal).
Consequently, the use of the firgt PC's produces a data filtering with
elimination of high frequency activities, relatem the images varying in time

domain, which means concerning to the temporaliEotransform

4.2 Signal reconstruction using the lash principal components

Figure 6 presents the results of the PCA analysiseth on signal
reconstruction using the laktPC's, in which are illustrated the Fujii and GD
maps, and the selected line in the graphics outptht the behavior of the

signals for different values &f respectively.

h=16 Original

(A)
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Figure 6 Biological activity according to Fujii (And GD (B) techniques and
the filtering effect in the embryo and endosperssues for different
numbers of PC’s used in the signal reconstructn (

(...continue...)

h=64 h=32 h=16 h=4 Original

Embryo Endosperm
0,80

w IiA) l

0,40 |

Normalized amplitude

——h=64 ——h=32 —h=16 ——h=4 ——Original
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Figures 6A and 6B show similar graphical resultsHgii and GD
methods, with maps visually identical to originatpres forh = 64. In addition,
we note the emphasis in the embryonic part by dsarg the number of PC's.

These results show that the preprocessing with REAg the lash
principal components served as a high pass filkéghlighting the high
frequencies, such as in the embryonic portion, fitering of the lowest
frequencies, which are linked to the biologicaliait of the endosperm, as
discussed by Cardoso et al. (2011).

Quantitative results point out higher attenuation the endosperm
activities for low values, achieving -6.97 dB = 32) and a correlation index of
0.19 h = 16), summarized in the Table 2. Figure 6C allowgo visualize the
filtering effect in the endosperm signal, where theonstructed lines present
amplitudes considerably different from those of isierence signal, except for

= 64, which corresponds to the total reconstruatibthe original signal.

Table 2 Numerical analysis for signals reconstuiateing the lash principal

components
Maize fruit Embryo tissue Endosperm tissue
dB R? dB R? dB R?
h=64 -0.05 0.99 -0.05 1.00 -0.05 0.96
h=32 -1.89 0.58 -0.49 0.83 -6.97 0.28
h=16 -1.97 0.52 -0.99 0.74 -4.65 0.19
h=4 0.42 0.42 0.06 0.46 1.02 0.21

Otherwise, the results for the embryo signal priesklow oscillation of
the decibel values, where the highest attenuatibiesed was -0.99 dB for h =

16. The correlation indices (Table 2) also kephhiglues for differenh, except
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for the last 4 PC’s. These results show the preserv of the information

retained in the high frequencies, thereby perfogaithigh pass filter by PCA.

4.3 Random selection of some principal components to pfication of the
inverse PCA transform
Figure 7 illustrates four GD images in which thegnsils were

reconstructed using a small and random numberindipal components.

1-4 8-12 32-36 Original

Figure 7 GD images resulting of the signal recamston using a short and
random number of principal components

The goal of using this specific and random numbg&rponcipal
components is to combine both high and low passrdilobtained from PCA in
order to improve the results of Fujii and GD methodse of high pass filters,
low pass filters or band pass filters allows usléfine small spectral ranges in
which the characteristics of biological, physical anemical phenomena are
concentrated and occurring more intensely, theufrrqy markers as it is called
by Cardoso et al. (2011) and Sendra et al. (2005).

In principal component analysis, the terminologgdigre based on the

principal component scores and loadings, and requincy, but the signal
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reconstruction using random and specific numbeP@fs opens an option to
define markers of principal components and assacthem to biological
phenomena, as presented in the Figure 7. The dbdstic of the biospeckle
signal allowed the use of the PCA as a filteringl,tbased in the advantage of
performing as a non-parametric and adaptive metigtch is desirable for
practical implementations. In addition, the PCAefiing presents the advantage
of the reducing of the computational time consumiviych is relevant in the
quasi-online applications.

The first image presented in the Figure 7 is tlgmali reconstruction
using the PC’s from 1 to 4 followed by the GD pr&iag, which highlighted
information from the endosperm and filtered the pmisignals. Thus, the PC’s
interval 1-4 can be considered as a marker of jgathcomponent for biological
activity of the endosperm tissue of the maize fruit

The same perception occurs in the third image efRilgure 7, in which
the PC's from 32 to 36 also are markers of priricipamponents but for
biological activity of the embryonic tissue. Thau# of the analysis emphasized
the embryo and attenuated information from endesgissue in the GD image.

Finally, the GD image constructed using the signat®nstructed from
8 to 12 PC’s (second image of the Figure 7), impdothe quality of the output

however without any mark.

5 Conclusion
Principal component analysis was proposed as toepéctral analysis
of dynamic laser speckle data and showed to bewenfal tool to analyze
biospeckle data, allowing the implementation daef with different frequency
pass band ranges for data analysis concerningtethporal Fourier transform.
The proposed PCA based method allowed the decotigrosof
biological activity in the endosperm and embryotioé maize seed example
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used, with advantage of a blind source separatechnique with fast
computational processing, in which the orthogoraai® functions used for data
decomposition are statistically optimum fitted. dddition, in comparison to
conventional low-pass and high pass filters, theA R@sed filtering has the
advantage of performing as a non-parametric angtagamethod, which is
desirable for practical implementations.

The proposed method also provided tissues segrimntaf the
biological materials, improving the visual quality the final images and the
definition of markers of principal components ot thiological phenomena,

which supports its potential for biospeckle datalgsis.
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Abstract

This paper proposes the use of independent comparetbysis (ICA) as a

preprocessing tool of the graphical outputs from #malysis of the dynamic
laser speckle data. It was used 64 images in gnald from the dynamic laser
speckle of a maize fruit, which have been rearrdnigea data matrix and
transformed into independent statistically compdsmdryy FastiICA algorithm.

The independent components were graphically andlyzg the traditional

methods designed to create maps of activity. Theilt® showed that the
combination of the ICA with the generalized diffiece method provided quality
improvement of the images that enhanced the irgtafion of the activity maps.
Otherwise, the combination of the ICA with the Fujiethod didn't present
improvements since the Fujii method is vulnerabléhe changes of the order of
the images caused by the independent components.

Key-words: Biospeckle laser; Fujii; generalized faliénces; blind sources
separation.
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Pré-processamento das saidas graficas dos dados do speckle laser dinamico

por meio da analise de componentes independentes

Resumo

Neste trabalho propde-se o uso da analise de canmmindependentes (ACI)
como uma ferramenta de pré-processamento das spidasis das analises dos
dados dospecklelaser dinamico. Foram utilizadas 64 imagens eneiside
cinza dospecklelaser dindmico de um fruto de milho, que foranrganizados
em uma matriz de dados e transformadas em commanestatisticamente
independentes por meio do algoritmo FastICA. Asmamentes independentes
foram graficamente analisadas pelos métodos tmmwits destinados a criar
mapas de atividade. Os resultados mostraram goenbitacdo do ACI com o
método de diferencas generalizadas proporcionolnarial na qualidade das
imagens e facilitou a interpretacdo dos mapas ida@lade. Por outro lado, a
combinacao da ACI com o método de Fuijii ndo aptesemelhorias, uma vez
gue o0 método de Fujii € vulneravel as mudancas mdano das imagens
componentes independentes.

Palavras-chaveBiospeckldaser; Fujii; diferencas generalizadas; separagéa
de fontes.
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1 Introduction

The dynamic laser speckle is a technique that psmse the optical
interference patterns formed when a coherent liggmninates a surface with
roughness higher than its wavelength (RABAL; BRA@AQS8). This technique
has been validated as a tool of analysis and dicatibn of structural
movements and/or molecular occurring in the anslysterial.

When applied to biological surfaces the dynamielaspeckle can be
called simply of biospeckle laser, and works sugtiaTai e Nie (2011) in the
process of sedimentation of silver chloride, Mut@alet al. (2012) with the
detection and differentiation of bacteria and fuaugil Amaral et al. (2013) in the
study of biological maturation of meats, illustréte potential of application of
the technique of the dynamic laser speckle in diffeareas of the knowledge.

The result of the application of biospeckle laserai given surface
consists of a complex signal (COSTA et al., 201€3ult of phenomena such as
Brownian motion, Doppler effect, changes in theaetive index, molecular and
structural motions (BRAGA et al., 2009; PASSON&kt 2005) among others.

The biospeckle laser is analyzed with techniquesmaige processing
and statistical treatment, since the visual obsenvaloes not allow quantifying
it (RABAL; BRAGA, 2008), and the best methodology the analysis of data
from dynamic laser speckle is determined by theneatf the signals collected
(BRAGA et al., 2009) and can be graphic or numeric.

The graphic analysis are digital processing ofith@ges containing the
interference patterns that result in maps withgih&tial variability of biological
activity, whereas the numerical analysis assigmueglto biological activities
allowing evaluating the activity of the studied evél at different instants.

Numerical analyses have been used in order to geaviore objective results in
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comparison to graphical analysis. On the other hamth graphical and
numerical analysis should be preferred to makedkelts more consistent.

There are several graphical methods of analystbeobiospeckle laser
available in the literature, each with its own clderistics, and Fujii and
generalized differences (GD) techniques are twooitti@mt approaches used in a
large number of scientific papers.

However, works such as Braga et al. (2005) in theyais of fungi on
bean seeds and Braga et al. (2009) in the studlyeofoots ofCoffea arabica
and Eucayptus grandishow that there are situations in which both giah
methods of analysis present final images with éftanwanted information and
high heterogeneity of the activity in the same dojidal tissue.

The variability of the biological activity in thease tissue may be
caused by several factors, for example, an expetaheetup not appropriate or
deficient, the complexity involved in the studiedaterial and even the
inexperience of the researcher, and amplifyingdifferences used by the Fujii
and GD methods can guide areas of high and lowigcfor different levels,
allowing the segmentation of the phenomena.

The maximization of differences can be performedsignal analysis
techniques, through digital image processing ongustatistical tools, which
Rabal et al. (2012) stands out as an interestintpadefor analysis of dynamic
laser speckle seen their random nature and evolititme.

Costa et al. (2010), in the segmentation of biddeedata from bovine
semen and Rabal et al. (2012) optimizing methods reasure the biological
activity of dynamic laser speckle, are exampleswafrk available in the
literature in which biospeckle data were analyzgdstatistical tools, and the
results were favorable to the quality improvemarthie results.

Among the existing statistical techniques, the patelent component

analysis (ICA) has drawn the attention of the amadecommunity by the
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number of applications which offers (BEDOYA; BERMEJCABESTANY,
2003). ICA is a method of blind source separatiowlich a set of original data
is decomposed into components non-Gaussian anidtistdly independent
(DAMMERS et al., 2010). A key concept that congésithe foundation of
independent component analysis is statistical ieddpnce. Two random
variables are considered statistically independfetite value of one gives no
information on the values of the other. The measfirgtatistical independence
takes into account higher-order statistics andefoes, it is a measure stronger
than correlation (HYVARINEN; KARHUNEN; OJA, 2001)n this sense, the
transformation performed by ICA over the dynamiede data may amplify
the differences between the data on the view ofRbg and GD methods
providing improvements on the results.

In this context, the present study proposed the afséndependent
component analysis as preprocessing to graphicdiade of dynamic speckle
analysis, in special for Fujii and generalized efi#hce techniques, aiming at
improving the visual quality of the final imagessseting the analysis and
interpretation of results.

The next section presents the theory of the methedd in this work,
starting with the independent component analysgrijgion followed by the

characterization of the Fujii and GD methods.

2 Theory

2.1 Independent component analysis
The independent components analysis - ICA - ischrigue of blind
source separation which aims to recover a set afrces signals of

multidimensional statistical data by searching comgmts non-Gaussian and
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statistically independent (AHMAD; GHANBARI, 2011; ®LDOVSKY;
TICHAVSKY; OJA, 2006; TICHAVSKY; KOLDOVSKY; OJA, 206).

Currently, the ICA has become a major tool in thalgsis of digital
signals due their applicability in different knowlge areas, such as
telecommunications systems, in analysis of bionm@diignals and stock market
prices (STONE, 2004).

The start point of the ICA analysis is to considerectors with n

independent sources unknown, such &[5t Sz = a]" The vectors
was mixed using a matrik and resulted in a vectarof observed signals (OJA;
YUAN, 2006), as described mathematically in the &un 1.

x=As (1)

wherex is the matrix with the observations mixe&d,consists of the matrix of

mixtures ands is the vector with the original independent sosarce

In Equation 1 only the vector with the observations mixed is known
and the ICA technique aims to find a maWikthat performs the inverse process
of A, with the separation of the independent sourcesagmt inx.

The identification and separation of the indepenhdstatistically
components is possible by maximizing of the nonsganity and the data
analysis begins with the centralization of the gect around the average
(Equation 2).

X'y =%, —plx,) (2)

in which X', is the vector with the observations mixed and ayerzero and p(x
is the average of each columrnxpfvhich can be calculated using Equation 3.
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m
_u(xn}=$zxn(j)
i=1 3

After of the centralized data around the averageec®mmended the
data whitening (decorrelation), an operation tlvaptfies the ICA problem and
assists the algorithms of estimating of the indepeh components to converge
faster (AHAMAD; GHANBARI, 2011; BELL; SEJNOWSKI, ¥%;
KARHUNEN, 1996).

The whitening operation transforms lineaxlyin a new vectorZ) with
components uncorrelated, unit variance (KUMAR et 2013) and orthogonal.
Ahamad and Ghanbari (2011) emphasize that theipahcomponent analysis
is one of the ways to realize the data whitenindjictv is described
mathematically in the Equation 4.

i .
z=E.Dz.ET.x' (4)

wherez are the data whited, = (e, &, ..., §) is the eigenvectors matrix abd’?
= diag@.? 1Y ..., Y2 consists of the diagonal matrix of eigenvalueshef
covariance matrixC, = E [x'.x'"].

The covariance matrix of the data whitedis equal to identity matrik
(Equation 5), and the ICA problem now consists $tineating the matrix of
separationW which allows to recover the independent sourcedAMAD,;
GHANBARYI, 2011; OJA; YUAN, 2006) , according to Eafion 6.

E[z.zT] =1 (5)
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in whichy, are the independent components estimatedvérmbrresponds the
matrix of separation/ = A™).

The vectory, consists of the recovered signal and the closssiple of
the original sources if the sources are statistically independent and-n
Gaussian (HYVARINEN; OJA, 2000). It is worth notirjso that the ICA
model estimated the order of components is random.

There are available in the literature various cotaonal codes for the
estimation of independent components, and calouldtasis on these algorithms
is the maximization of non-gaussianity, which canréalized by minimizing of
the mutual information, maximization of the abselutlues of the kurtosis or

negentropy, among other.

2.2 FastICA algorithm

FastICA or fixed-point algorithm was proposed byvBEignen (1999)
and Hyvarinen and Oja (1997) to solve the ICA peabland the blind source
separation. It is one of the most successful alyms to estimate the separation
matrix W and is distinguished by accuracy, robustness, ¢owputational
complexity and fast convergence (KOLDOVSKY; TICHANS; OJA, 2006;
TICHAVSKY; KOLDOVSKY; OJA, 2006).

There are two types of FastICA algorithm availahléhe literature: the
deflation and the symmetric. The first estimates ithdependent components
successively under orthogonality conditions anth& symmetric algorithm the
independent components are calculated in pardELFOSSE; LOUBATON,
1995), and both varieties are based on the opttioizaf the contrast function.

Among the several variables used to measure theyagssianity of the

data, the kurtosis gains prominence, being widslyduas contrast function in
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algorithms of estimation of the independent comptmesuch as FastiCA
(DELFOSSE; LOUBATON, 1995; PAPADIAS, 2000). Equati@ presents the
mathematical expression of the kurtosis.

kurtosis(X)= E{X*}- 3[E{X?}]? @)

Random variables with Gauss distribution have lgistaull and high
kurtosis values are linked to the signals with riistion non-Gaussian. In
addition, the fourth-order statistical moment atichhthe kurtosis is based

makes it very sensitive to variations in the data.

2.3 Fujii method

The visual observation does not allow to quantify patterns of optical
interference of the dynamic laser speckle (RABAIRAGA, 2008), and an
alternative to the analysis and interpretatioisde graphical methods.

In this context, the technique proposed by Fujiale{1987) consists of a
graphic method of analysis of the dynamic lasecklgewhich is based on work
images from a body illuminated, identifying the immus intensity of each pixel
that is composed.

The technique consists of the summation of theedifices in light
intensities between an image and its follower,d#di by the sum of intensities
between an image and its subsequent (weightingorfactas described
mathematically in the Equation 8.

N

o o k&Y - L xy)
F]_]]II(X_.Y} - L; Ih(x"_lrr} + Ik_]_(ﬁl‘.l"r} (8)

where | (x,y) is the pixel intensity of coordinated (xgfthe K" image.
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The result is a new image in which regions of hiagtivity are
represented in light gray levels and dark areastithte regions of low activity.

The amplification of the movement in darker aresaa characteristic of
the Fujii method, resulting in clearer images wheompared with the
generalized differences method (BRAGA et al., 2009)

2.4  Generalized differences method (GD)

Presented by Arizaga, Trivi e Rabal (1999) as tarrative to the Fujii
method, the generalized differences (GD) does awe lthe weighting factor in
the denominator of the mathematics expression (fitqug), and the differences
between the intensities of the pixels have beeremdined to the whole the

captured images.

GDix,vyv) = ZZIP_(XJ}F:' — g = v}
Lol )

in which GD(x,y) is the final image of the appliwat of the graphical technique
in a set of images.

3 Materials and methods
Actual data of a maize fruit illuminated with adadight, obtained from
Braga et al. (2001) were used for the realizatiothe proposed approaches.
The database is composed by 64 images in grayslexti resolution of
490 x 256 pixels, which have been captured using #xperimental
configuration known as back-scattering and acdaisitate between images of
0.08 seconds.

Each image of the data set was concatenated andighel formed
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ordered vertically side by side in a new matiy,(as illustrated in Figure 1.

[ Concatenate ]

A

Figure 1 Order of the images concatenated

The matrixX (Figure 1) was considered as the matrix with threch
observations and the data were transformed to ¢ineaith of the independent
components using the deflation FastICA algorithrayedoped by Hyvarinen
(1999) and Hyvarinen and Oja (1997).

It is noteworthy that during ICA processing occdrrgithout reduction
of the data volume and the choice of the computaticoutine FastICA was due
to its accuracy, robustness, low computational dexify and fast convergence,
as highlighted by Koldovsky, Tichavsky and Oja (@POand Tichavsky,
Koldovsky and Oja (2006).

The inverse process of the concatenation was meeir on the
independent components, in which the data is rgg@uto form the

reconstructed images. After this, the reconstruntetjes are analyzed by using
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the Fujii and GD techniques aiming at presentirg shatial variability of the

biological activity of the maize fruit. Figure 2 ramarizes the methodology

used.
X11 X120 Xiqn
x x ') x
X m1 X'm2 Xmn
‘ FastICA ‘

Il

‘ Independent components ‘

]

‘ Inverse operation of concatenate ‘

‘ Fujii ‘ ‘ GD ‘

Figure 2 Block diagram of the proposed methodology

Ten repetitions of the proposed methodology wereethout, and the
histograms of the reconstructed images by Fujii @were used to evaluate
the effect of the randomness in the independentpooents order on the
graphical methods of analysis of the dynamic lapeckle.

Finally, the average of five rows in the final ineag(Fujii, GD) with and

without ICA preprocessing were selected in thetposillustrated in the Figure
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3 and used for comparatively performance evaluafite variation coefficients,

ratio between standard deviation and the data geermm the embryo and
endosperm tissues were calculated and the lineseoadng the same graphical
method were shown in the same figure to observée¢havior of the biological

activity in the tissues of the maize fruit in terofsamplitude.

Figure 3 Line selected in the images

4 Results and discussions

4.1 Fujii method
Figure 4 shows the final images Fujii preprocessithl the independent

component analysis and their respective histograms.
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Count; 125860 Min: 0
Mean: 154510  Max: 255
StdDev: 37,355 Mode: 0/(2560)

Courti 125480 Min: 0

Count: 125440 Min: 0 Count: 125420 Min: O
Mean: 157.688

s 255
StdDev: 38164 Mode: 0 (2560)

Mean: 157,688  Maw: 255
StdDev: 38164 Mode: 0.(2560)

Fujii 1 Fuijii 2 Fujii 3 Fujii 4 Original
Figure 4 Final Fujii images preprocessed with BA technique

The images titled Fujii 1, Fujii 2, Fujii 3 and ku are four of the ten
results obtained with the proposed methodology,lentthe image named
Original corresponds to the Fujii image withoutgraeessing with ICA, which
was considered as reference for the analysis.

The histograms illustrated in the Figure 4 show tha usage of ICA as
data preprocessing technique conducted the grafslditom dark area to the
clear region of the interval of gray levels. Th&hhvior was observed in the ten
repetitions performed and resulted in final imagéh clearer gray levels.

A second view of the images lightening is illustdtin the Figure 5,
where the average of the five lines of the Fujgint Original images (Figure 4)

was presented in the same window.
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Embrvo Endospenn

00,0

150,0

oo

wFreprocessad with [CA s=—Original

Figure 5 Line selected in the Fujii images prepssed with ICA and in the
reference Fujii image

The preprocessing of the data using ICA increaBedsignal amplitude
to gray levels close to white (gray level 256) cangul with the reference signal,
in special to the endosperm tissue, which confithes whitening of the final
images.

The intense whitening is called saturation of tinade, and the images
shown in the Figure 4 is the result of the maxirmara of the differences
produced by the ICA technique combined with theratizristic of the Fujii
method, which basically amplifies movements in darkreas as reported by
Braga et al. (2009).

The proposed methodology produced Fuijii images withy levels of
the histogram concentrated in a narrow region, wltaracterizes low contrast
images as specified by Gonzalez and Woods (200f)eaplains the complex
differentiation of the biological tissues of theimafruit, in which the biological
activities in embryo and endosperm tissues predamse.
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However, despite the low visual quality of the fimaages, a reduction
in the variation coefficients of the biological iy is verified when the data
are preprocessed with independent component asalysible 1 shows the
variation coefficients for biological tissues oktimaize fruit estimated on the
lines selected of the Fujii's images presentederFigure 5.

Table 1 Coefficients of variation for the embryalandosperm tissues with and
without preprocessing using ICA

. Preprocessed
Original with ICA
Embryo 0.132 0.056
Endosperm 0.353 0.072

The variation coefficient was lower in the embryotissue than in the
endosperm tissue in both statistical treatmentse Mt the selected row in the
reference Fujii image displays information of ackrdocated in the endosperm
(highlighted in the Figure 5), which has high argp&al biological activity,
which contributes significantly to the high valué the variation coefficient
(0.353) of the reference endosperm.

The preprocessing using ICA reduced the variatioeffcient in both
biological tissues, and the explanation are in $heall oscillations of the
resulting signal amplitude, which is translatedoinbw value of standard
deviation and, consequently, reduced coefficientapiation.

The repetitions showed that the Fujii method is nedhble to
randomness in the order of the independent comp®neroducing different

results for each test performed, as summarizecGier2.
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Table 2 Mean values of the histograms gray leviikeoten repetitions

Mean values
Repetition 1. 161.2
Repetition 2: 154.9
Repetition 3: 157.7
Repetition 4. 159.5
Repetition 5: 154.9
Repetition 6: 154.9
Repetition 7: 157.7
Repetition 8: 159.5
Repetition 9: 163.2
Repetition 10: 161.0

Although the mean values of the gray levels forrdpetitions were not
constant, the differences in the values were smwlh the data standard

deviation presented in Table 2 of 2.76.

4.2 Generalized diferences method

The usage of ICA as preprocessing technique foGihemethod leads
to final images with better quality compared to tlesults provided by Fuijii
method, and the Figure 6 presents these grapleisalts.
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GD1 GD 2 GD 3 GD 4 Original
Figure 6 GD images preprocessed with ICA and tiesipective histograms

Addition to the best visual quality, the preprogegsof the biospeckle
data by the ICA provided higher homogeneity of bi@ogical activity in the
maize fruit tissues as well as a better view ofdtaek present in the endosperm,
as can be seen in the Figure 6.

The histograms of the final GD images (Figure &vetd significant
scattering of the gray levels, which is associatéti digital images with high
contrast as discussed by Gonzalez and Woods (280@)this feature facilitates
the analysis and visual interpretation of the data.

The expressive distribution of the gray levelstaf histogram brings an
increase in the standard deviation values, thusre@sing the level of the
variation coefficients (Table 3).
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Table 3 Coefficients of variation of the maize friissues with and without ICA
preprocessing

. Preprocessed
Original with ICA
Embryo: 0.112 0.148
Endosperm: 0.311 0.378

Similar to the results presented in Fujii methadjasperm had higher
variation coefficient than the embryonic tissudath treatments, noting that the
high biological activity in the crack located iretendosperm tissue significantly
influence these numbers.

In the opposite direction of the Fujii results #hevas an increase in the
variation coefficients when the biospeckle dataensralyzed with ICA and GD.
However, these results show that only the variatioefficients are not enough
to qualify the data since the numbers shown therasehversely proportional to
the visual quality of the final images.

Figure 7 graphically displays the selected rowshe reference GD
image and in the GD 1 image previously processat @A, which allows

another view of the behavior of biological activiip the embryo and

endosperm.
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Figure 7 Behavior of the biological activity in timeaize fruit tissues with and
without preprocessing via ICA

The signal resulting from proposed methodology stabivehavior close
to the reference signal, with the biological atiig in the embryo region and of
the endosperm at different levels, and these mefatilitate the application of
digital images segmentation techniques.

It is noteworthy the abrupt transition of the bigical activity between
embryo and endosperm in the data analyzed by IGficlwcome against the
common sense in which there should be abrupt transof the activity to be
two distinct tissues.

In terms of sensitivity the order in which the ipdadent components
are shown, the generalized differences technigsieyedl as the Fujii method
proved to be vulnerable to the randomness of tfe #S the data in Table 4.
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Table 4 Mean values of the gray levels of the istms

Mean values
Repetition 1 63.0
Repetition 2 75.5
Repetition 3 67.2
Repetition 4 66.5
Repetition 5 75.5
Repetition 6 75.5
Repetition 7 67.2
Repetition 8 66.5
Repetition 9 74.2
Repetition 10 78.4

The standard deviation of the mean values of thg tgvels (Table 4)
was of 5.66, higher than the value found in theiFugthod (2.76). The values
indicate higher susceptibility to randomness in tnder of the independent
components by graphical method of GD, which waseaxgiected since all the
images are compared with each other in this prawgaslike of the Fuijii
analysis in which the image is compared with itssequent.

5 Conclusion

The preprocessing of the dynamic speckle data ¢gfirdndependent
component analysis presented improvement in thealiguality of the final
images when associated with graphical method oérgdimed differences.

Both graphical methods of analysis of the biospedilsted showed
vulnerable to randomness in the order of the indépet components from the
FastICA algorithm, which must be overcome for antiation of the proposed

methodology.



120

Acknowledgements
This work was partially financed by CNPq, Fapentigpes, Finep in
Brazil, and partly supported by the Scottish Gowsnt Rural and Environment

Science and Analytical Services division.

REFERENCES

AHMAD, T.; GHANBARI, M. A review of independent component analysis (ICA)
based on kurtosis contrast function. Australian Journal of Basic and Applied
Sciences, Amman, v. 5, n. 9, p. 1747-1755, 2011.

AMARAL, I. C. et al. Application of biospeckle lastechnique for determining
biological phenomena related to beef agidgurnal of Food Engineering
Essex, v. 119, n. 1, p. 135-139, 2013.

ARIZAGA, R.; TRIVI, M.; RABAL, H. Speckle time evaltion characterization
by the co-occurrence matrix analysbptics and Laser Technology New
York, v. 31, n. 2, p. 163-169, 1999.

BEDOYA, G.; BERMEJO, S.; CABESTANY, J. Comparisorf aeural
algorithms for blind source separation in sensamayarapplications. In:
EUROPEAN SYMPOSIUM ON ARTIFICIAL NEURAL NETWORKS, 1,
2003, BrugesProceedings...Bruges: Université Catholique de Louvain, 2003.
p. 131-136.

BELL, A. J.; SEJNOWSKI, T. J. An information-maximation approach to
blind separation and blind deconvolutidtieural Computation, Cambridge, v.
7,n.6,p. 1129-1159, 1995.

BRAGA, R. A. et al. Detection of fungi in beans Hliye laser biospeckle
techniqueBiosystems EngineeringLondon, v. 91, n. 4, p. 465-469, 2005.

BRAGA, R. A. et al. Live biospeckle laser imaginfyroot tissue.European
Biophysics Journal London, v. 38, n. 5, p. 679-686, 2009.

BRAGA, R. A. et al. Potencial do bio-speckle lagara avaliacdo da viabilidade
de sementesCiéncia e Agrotecnologia Lavras, v. 25, n. 3, p. 645-649,
maio/jun. 2001.



121

COSTA, R. M. et al. Técnicas estatisticas aplicamasmagens do speckle
dindmico.Revista Brasileira de Biometrig S&o Paulo, v. 28, n. 2, p. 27-39,
2010.

DAMMERS, J. et al. Signal enhancement in polariligbt imaging by means
of independent component analy$igurolmage Orlando, v. 49, n. 2, p. 1241-
1248, 2010.

DELFOSSE, N.; LOUBATON, P. Adaptive blind separatiof independent
sources: a deflation approa®ignal ProcessingAmsterdam, v. 45, n. 1, p. 59-
83, 1995.

FUJII, H. et al. Evaluation of blood flow by lasepeckle image sensing.
Applied Optics, New York, v. 26, n. 24, p. 5321-5325, 1987.

GONZALEZ, R. C.; WOODS, R. BEProcessamento de imagens digitaiSao
Paulo: Blucher, 2000. 509 p.

HYVARINEN, A. Fast and robust fixed point algorithdor independent
component analysidEEE Transations on Neural Networks New York, v.
10, n. 3, p. 626-634, 1999.

HYVARINEN, A.; KARHUNEN, J.; OJA, E.Independent component
analysis New York: J. Wiley, 2001. 504 p.

HYVARINEN, A.; OJA, E. A fast fixed-point algorithifor independent
component analysi®eural Computation, Cambridge, v. 9, n. 7, p. 1483-1492,
1997.

HYVARINEN, A.; OJA, E. Independent component anaysalgorithm and
applicationsNeural Networks, New York, v. 13, n. 4/5, p. 411-430, 2000.

KARHUNEN, J. Neural approaches to independent carapb analysis and
source separation. In: EUROPEAN SYMP. ON ARTIFICIANEURAL
NETWORKS, 4., 1996, Bruge®roceedings...Bruges: ESANN, 1996. p. 249-
266.

KOLDOVSKY, Z.; TICHAVSKY, P.; OJA, E. Efficient vaant of algorithm

FastICA for independent component analysis attgiriire Cramér-Rao lower
bound.IEEE Transactions on Neural Networks New York, v. 17, n. 5, p.
1265-1277, 2006.



122

KUMAR, S. et al. Suitability of independent compaheanalysis in digital
image forgery detection.International Journal of Engineering and
Technology, Bremen, v. 5, n. 1, p. 226-231, 2013.

LI, X.; TAI Y.; NIE, Z. Application of dynamic spkle method using in
sedimentation process of silver chlorideptik - International Journal for
Light and Electron Optics, Amsterdam, v. 122, n. 23, p. 2155-2157, 2011.

MURIALDO, S. E. et al. Discrimination of motile bicia from filamentous
fungi using dynamic speckldournal of Biomedical Optics New York, v. 17,
n. 5, p. 56011-1-56011-5, 2012.

OJA, E.; YUAN, Z. The FastICA algorithm revisitedonvergence analysis.
IEEE Transactions on Neural Networks Chicago, v. 17, n. 6, p. 1370-1381,
2006.

PAPADIAS, C. B. Globally convergent blind sourcepaetion based on a
multiuser kurtosis maximization criterionEEE Transactions on Signal
Processing Amsterdam, v. 48, n. 12, p. 3508-3519, 2000.

PASSONI, I. et al. Dynamic speckle processing usiagelets based entropy.
Optics Communications Amsterdam, v. 246, n. 1/3, p. 219-228, 2005.

RABAL, H. J.; BRAGA, R. A.Dynamic laser speckle and applicationsBoca
Raton: CRC, 2008. 304 p.

RABAL, H. J. et al. Q-statistics in dynamic specgbgtern analysigptics and
Lasers in Engineering London, v. 50, n. 6, p. 855-861, 2012.

STONE, J. V.Independent component analysisa tutorial introduction. New
York: J. Wiley, 2004. 193 p.

TICHAVSKY, P.; KOLDOVSKY, Z.; OJA, E. Performancenalysis of the
FastICA algorithm and Cramér-Rao bounds for linedependent component
analysisIEEE Transactions on Signal ProcessingAmsterdam, v. 54, n. 4, p.
1189-1203, 2006.



123

CONSIDERAGOES FINAIS

A demanda por técnicas de andlise de sinais qusaposauxiliar nas
andlises e interpretacdes dos dadodidspecklelaser tem aumentado com a
utilizacdo cada vez maior da técnica gfeecklelaser dindmico em estudos de
movimentos moleculares e estruturais de superfidisstécnicas de Fourier,
wavelet, PCA e ICA sao algumas interessantes femtan.

Observando-se os resultados encontrados, podefeer iue a
transformada de wavelet mostrou ser mais apropiggaa transformada de
Fourier na analise no dominio da frequéncia dosslddbiospeckldaser, com
informacdes adicionais sobre as partes constitintea base de dados e
permitindo a definicho de bandas de frequénciascastas a fendbmenos
bioldgicos. A caracteristica ndo estacionaria dalsiospecklelaser dinamico
limita a aplicacéo da técnica de Fourier e restrisiga aplicacdo a trabalhos que
buscam conhecer apenas o contetddo espectral dos dad

Se, por um lado, a transformada de wavelet mostiaas adequada
aos estudos espectrais dimspecklelaser, com bons resultados nos trabalhos
conduzidos, a sua utilizacdo despende elevado temep@rocessamento e
também a escolha de uma fungéo base para a ardl@Ee critérios para essa
selecdo ainda ndo séo claros.

Neste contexto, a filtragem dos dados specklelaser dindmico por
meio da andlise dos componentes principais é umesnativa que permite
implementar filtros de diferentes bandas passadéedrequéncia e também
definir de marcadores de componentes principaiaci@iado a fenémenos
biol6gicos. Além disso, na filtragem PCA, as furg@sases utilizadas na
decomposicdo dos dados sdo estatisticamente &is®s rapido processamento
computacional abre espaco para a sua aplicacdo igemas online de

monitoramento e analise da atividade bioldgica deerrais.
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O pré-processamento dos dadoshdmspeckldaser meio da analise de
componentes independentes, associado ao métodicogrdé diferencas
generalizadas, melhorou a qualidade das imageass,findo acontecendo o
mesmo para o método de Fuji. Ambos os métodosicgeafutilizados
mostraram-se sensiveis as saidas aleatérias dgsomentes independentes,

obstaculo que deve ser superado para a validagietaologia proposta.

Como propostas para trabalhos futuros destacam-se:

a) avaliar diferentes funcfes base de wavelets nasanéspectral do
specklelaser dindmico, de forma a identificar qual a ondee mais
apropriada;

b) propor a filtragem estatistica tiospeckldaser por meio da analise
dos componentes independentes e comparar 0s desuicam os
obtidos na filtragem PCA;

c) aperfeicoar o algoritmo FastICA, de forma a solnaioa ordem
aleatdria das componentes independentes estintzatasira para a
confirmacdo da metodologia de pré-processamento sdddas
graficas com ICA.



