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1 Introducao

Processamento e analise de documentos é uma importante subarea da area de reconhecimento
de padroes cujo principal objetivo é a interpretagao de um documento, ou seja, o entendimento
da sua estrutura bem como o reconhecimento de cada um dos componentes estruturais.

Andlise de Documentos
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Figura 1: Contextualizacao do tema do trabalho entre as &reas da andlise de documentos.
Adaptado de [1].

Segmentacao de pagina refere-se a tarefa de separar e rotular os diferentes componentes que
fazem parte da estrutura das péginas de um documento, tais como: blocos de texto, graficos,
figuras, titulos, legendas, separadores, tabelas, formulas matematicas e regioes com ruido.

Em geral, a segmentagao de pagina é um dos primeiros passos no processo de entendimento
de um documento. Uma vez identificados os blocos estruturais, processamentos especificos
para cada tipo de bloco podem ser aplicados. Por exemplo, no caso de blocos de textos é
conveniente fazer o reconhecimento de texto para que o mesmo possa ser armazenado em formato
texto (e nao imagem). Por outro lado, no caso de imagens, pode ser interessante armazené-las
em alta resolugdao para manter a qualidade. Documentos digitalizados podem ser processados
eficientemente em processos que envolvem armazenamento, edi¢cdo, transmissao, ou busca, por
exemplo.

Devido a grande quantidade de documentos, é interessante que o seu processamento seja
realizado de forma automatizada ou pelo menos semi-automatizada. Para tal, diversas solu¢oes
computacionais vém sendo propostas para o problema ao longo dos anos desde o surgimento desse
campo de pesquisa. Automatizar esta tarefa reduz custos, aumenta a velocidade e capacidade
de processamento de documentos além de possivelmente reduzir a taxa de erro humano na
classificacdo de uma regiao.

Neste trabalho exploraremos a aplicabilidade de operadores morfol6gicos automaticamente
gerados ao problema de segmentacao de paginas.

Este texto estd organizado da seguinte forma. Na secao 2, apresentamos as definigoes e
conceitos basicos que serao importantes para a leitura deste texto. Na se¢ao 3 explicamos com
maior profundidade a principal ferramenta utilizada para realizar a segmentagdo: operadores
morfologicos automaticamente gerados. Na secao 4 apresentamos como utilizamos todos os



conceitos para resolver o problema. Na se¢oes 5 e 6 detalhamos os experimentos e apresentamos
os resultados. Finalmente na secao 7 fazemos a conclusao do trabalho.



2 Fundamentos

2.1 Imagens digitais

Uma imagem digital monocromatica pode ser definida como uma funcdo f : E C Z? = K =
{0,1,...,k—1}, na qual k representa o ntimero de tons de cinza. Tipicamente adota-se k = 256,
ou seja, 8-bits de cor. Quando k = 1 as imagens sdo denominadas binarias; quando k£ > 1 as
imagens sao denominadas tons de cinza. Na pratica, o dominio £ é um retangulo finito de
dimensdes m X n (uma matriz de m linhas e n colunas).

Uma imagem RGB (colorida) é uma funcdo f : E — K3, onde cada componente K representa
a intensidade das cores vermelho, verde e azul, respectivamente.

2.2 Operadores de imagens

Um operador de imagens é uma funcio que mapeia imagens em imagens. Denotando E = Z2,
K = {0,1,...,k — 1} e todas as imagens definidas em FE por K¥_ podemos representar um
operador de imagens como ¥ : K¥ — K.

2.2.1 Operadores morfolégicos binario

Uma funcio f € {0,1}¥ pode ser vista como indicadora de um conjunto Sy C E, ou seja,
para todo x € E, z € Sy & f(xr) = 1. Desta forma, uma fungao bindria pode ser vista
como um conjunto. Uma funcao entre imagens pode ser vista como uma fun¢ao entre conjuntos.
Conjuntos adicionados da relagao de inclusao constituem algebricamente um reticulado booleano.
Operadores morfologicos binarios sao operadores vistos como mapeamentos entre reticulados
booleanos.

2.2.2 Operadores localmente definidos e invariantes por translagao

Duas classes de operadores sao importantes para o entendimento de operadores automaticamente
gerados: localmente definidos e invariantes por translagao.

Sejam z e y pertencentes a F/, x4y denota a soma vetorial em F. Dado um conjunto X C FE,
X, ={z+ z: x € X} denota a translagao de X por z

Seja W C E, chamado de janela ou elemento estruturante, um operador ¥ é dito localmente
definido em relagao a W, para todo X C FE| se,

(W (X)](z) = [(X N We)](x). (1)

Operadores localmente definidos podem ser caracterizados por fungoes locais [2]. Ou seja,
independentemente to tamanho do conjunto X, ¥(X) pode ser visto como uma fungao booleana
¥z {0,1}" — {0,1}, onde n = |W/|, da seguinte forma:

[W(X))(z) = u(Xo N W), (2)

onde X_, N W denota a atribuigao de valores de z € X as variaveis x; da funcao booleana,
de acordo com a regra r; = 1 < w; € X_, N W, ou equivalentemente, se w; + z € X.

Se ¥ também for invariante por translacao entao teremos 1, = 1, para x,y € E. Operadores
localmente definidos e invariantes por translagao sao chamados de W-operadores, operadores de
janela.

Alguns exemplos de operadores desta classe sao dilatagao (3) e erosao (4), ditos operadores
elementares.



Sp(X)={z e E: B,nX #0} (3)

ep(X)={z € E: B, C E} (4)

2.3 Classificacao de objetos

Na area de reconhecimento de padroes e aprendizado computacional estudam-se métodos e
técnicas para classificacado de dados em geral. Os dados (padroes) a serem classificados corres-
pondem, em geral, & representacao digital de algum objeto concreto ou abstrato. O objetivo da
classificagao é atribuir um roétulo de classe a cada padrao observado.

Dependendo do problema, os rétulos de classe podem ser conhecidos ou nao. Por exemplo,
se desejamos fazer o reconhecimento de caracteres, os padroes sao a imagem dos caracteres e os
rotulos de classe sdo as identificagoes dos possiveis caracteres. Por outro lado, em problemas
como na classificagdo de perfil de consumidores, pode nao haver um conjunto de perfis pré-
estabelecidos e o objetivo seria entao identificar a possivel existéncia de perfis. O primeiro é
conhecido como problema de classificagao supervisionada e o segundo como classificacdo nao-
supervisionada.

No caso da classificag@o supervisionada, supGe-se que os padrdes sao elementos de um espago
X e que o conjunto de rotulo de classe ¢ dado por Y = {y1,92,...,¥yc}. Assim, um classificador
pode ser expresso por uma fungdo f: X — Y.

Frequentemente X é um subespaco de R%. Assim, um padréo é representado por uma d-upla
X = (r1,22,...,19) € RY

2.4 Segmentagao de imagens

A segmentacdo de imagens é um processamento comum a praticamente todos os processos que
envolvem anélise de imagens. Segmentar uma imagem corresponde a particionar o seu domi-
nio, de forma que cada regido resultante corresponda (do ponto de vista seméantico) a uma
componente de interesse na anélise em questao. Este problema pode ser modelado como uma
classificagdo de objetos, onde o conjunto de pixeis de uma imagem sdo os objetos em X e as
componentes em Y sao regioes de interesse.

2.5 Classificacao dos componentes

O problema de segmentagao de imagens de documentos pode ser modelado como um problema
de classificacao de objetos, onde cada pixel da imagem ¢é rotulado através de uma funcao classi-
ficadora

U:E—Y (5)
sendo Y um conjunto composto pelas regides de interesse:
e blocos de texto: regiao com paragrafos
e graficos
o figuras

titulos

legendas



separadores

tabelas

formulas matematicas

e regides com ruido

Neste trabalho utilizaremos operadores morfologicos binédrios como classificadores de ima-
gens. O processo todo serd descrito na segao 4.



3 Operadores morfologicos automaticamente gerados

Construir operadores morfologicos que resolvam problemas complexos como o de segmentar uma
péagina de documento, pode ser uma tarefa que demande muito tempo, experiéncia e conheci-
mento especifico do assunto. Como estas imagens possuem caracteristicas distintas dependendo
da publicagao (diferentes jornais e revistas), é possivel que apenas um operador nao consiga ser
aplicado a todas as imagens. Ou seja, construir operadores com facilidade é um fator sensivel
para a viabilizacao desta abordagem.

Nesta secao apresentamos um método para projetar operadores morfologicos de forma auto-
matica utilizando técnicas de aprendizado computacional.

O método proposto na tese de mestrado de Nina S. T. Hirata [2] requer que um conjunto de
pares de imagens sejam fornecidos para uma etapa inicial de treinamento. Estes pares contém
uma imagem original e sua ideal, ou seja, a mesma imagem porém modificada como desejamos
que o método aprenda a reproduzir em outras imagens.

A partir deste conjunto de treinamento um operador é gerado, o qual podemos aplicar a
outras imagens.

3.1 Formalizagao

Assumimos que as imagens originais e ideias sao realizagoes dos conjuntos aleatérios S e I, com
distribui¢ao de probabilidade conjunta P(S, ). Supoe-se que esta fungao seja caracterizada por
um processo local (SNWz, I(z)), com SNWz € P(W,), conjunto poténcia de W, e I(z) € {0,1}.
Ou seja, as imagens de exemplo passam a ser vistas como realizagbes de conjuntos aleatérios
localmente definidos pela janela W. Denotaremos este processo por (X, y).

Desta forma, o trabalho de construcao de um operador 1.d. e i.t. % que se aproxime do
operador ideal ¥, passa a ser o de minizar o erro absoluto médio (M AF), dado pela seguinte
exXpressao:

MAE(Y) = E[[¢(X) —yl. (6)

Desenvolvendo a expressao acima, chegamos ao critério para decidir o valor de ¥(X) para
cada X.

MAE(Y) = (XZ)Ilb(X)—yIP(X,y)
= T UXOPX.0)+ ¥ [B(X) - 1IP(X.1) 7
(X,0) (X,1)
= Y PX0+ Y PX1)
X:p(X)=1 X (X)=0

Ou seja, para minimizar o M AFE basta que escolhamos de forma adequada os valores de
(X) de acordo com estimativas das probabilidades P(X,0) e P(X,1) através da observagao
dos exemplos fornecidos.

A seguir detalhamos as etapas envolvidas na construcao de .

3.2 Coleta

Seja C(Xw) = {XNW + z: z € E} o conjunto de todas as configuragoes observadas ao se
transladar a janela W sobre a imagem X. Seja Y, o valor 0 ou 1 encontrado na imagem Y na
posigao z. Construimos uma tabela com trés colunas: C'(Xy ), frequéncia observada Y, = 0 e
frequéncia Y, = 1.

O resultado desta etapa é uma estimativa P(X, y) de P(X,vy).



3.3 Decisao

As configuragbes observadas na etapa anterior possuirao valores relacionados em Y iguais a 0,
1 ou ambos. No caso de tanto 1 como 0 terem sido observados, escolheremos como valor para a
funcao final a com maior numero de ocorréncias. No caso de alguma configuracdo nao ter sido
observada ou de o niimero de ocorréncias empatar, escolheremos o valor que simplifica a préxima
etapa: minimizagao.

Formalmente, se P(X,1) > P(X,0), entdo 1(X) = 1, do contrario ¢)(X) = 0.

3.4 Minimizacao

Na etapa anterior é usual que nem todos os padroes possiveis para X sejam observados. Logo
precisamos completar a defini¢do da func¢ao ¢ (X). Para tanto utilizamos um minimizador de
fungoes booleanas chamado ISI. Ele nao s6 completa a funcdo como também produz uma repre-
sentacao mais compacta utilizando intervalos maximais.

Um algoritmo bastante conhecido para realizar a minimizacdo de fungoes booleanas é o
algoritmo de QM (Quine-McCluskey), onde através de combinagoes dois a dois dos mintermos
de uma expressao booleana procura-se criar cubos cada vez maiores, eliminando depois os cubos
sobressalentes a fim de obter uma cobertura minima da fungao.

Porém esta etapa de combinacao dois a dois tende a ser computacionalmente ineficiente.
Além de que a etapa para identifica¢gdo dos n-cubos primos (aqueles que nao podem ser descar-
tados) é muito custosa computacionalmente.

Por estes motivos, a biblioteca TRIOS [3], que implementa todo o processo descrito nesta
secdo, utiliza um outro algoritmo denominado ISI. Este algoritmo inicia com o n-cubo, repre-
sentado na forma do intervalo [}, W] e a cada itera¢ao remove um ponto do n-cubo equivalente
um mintermo negativo. Desta forma quebrando o intervalo inicial em outros N intervalos.
Apos eliminar todos os mintermos negativos chegamos um conjunto de intervalos maximais que
representam a fungdo. Uma descrigdo mais detalhada do algoritmo pode ser encontrada em [2].

Esta é a ultima etapa do processo. Podemos agora aplicar o operador a outras imagens.



4 Metodologia

O método proposto é baseado em operadores morfologicos automaticamente gerados, ou seja,
construimos um segmentador genérico a partir de alguns exemplos de segmentacdo (pares de
imagens). A seguir detalhamos cada uma das etapas envolvidas.

1. Preparagao das imagens de treinamento
2. Construcao dos operadores
3. Aplicagdo dos operadores

4. Consensualizagao

4.1 Preparagao das imagens de treinamento

O primeiro passo consiste na produgao dos pares de imagens de treinamento. Estes pares con-
sistem da imagem original binarizada e de sua variante segmentada.

Para cada imagem original geramos n pares de exemplo, sendo n o niimero de tipos de regioes
que desejamos segmentar. No caso deste trabalho nos limitamos a dois: textos de paragrafos e
titulo.

A variante segmentada consiste da imagem original com a regiao de interesse apagada (em
braco). A tabela 1 é um exemplo com uma imagem original, binarizada e suas variantes.

Tabela 1: Exemplo de preparacao de imagem para treinamento do operador

Original Preto e branco Exemplo de pardgrafo  Exemplo de titulo

The Business of Software  piip G. Armour Phillp G. Armour Phillp G. Armour Philip G. Armour

The Unconscious Art of The Unconscious Art of The Unconscious Art of
So ing S g

O processo de binarizagao foi melhor detalhado no apéndice 8.1.

4.2 Construcao dos operadores

O algoritmo gerador de operadores morfologicos recebe como entrada um conjunto de pares
de imagens de exemplo do passo anterior. Treinamos um operador para cada tipo de regiao
utilizando a biblioteca TRIOS [3]. Os parametros para o treinamento foram ajustados experi-
mentalmente como apresentado na secao 5.

4.3 Aplicacao dos operadores

Construidos os operadores para cada tipo de regiao, aplicamos todos os operadores as imagens
que desejamos segmentar obtendo um resultado para cada operador. Sendo n operadores e m



imagens, obtemos nm resultados. A tabela 2 demonstra a aplicagao dos operadores de paragrafo
e titulo a uma imagem.

Tabela 2: Exemplo de preparagao de imagem para treinamento do operador

Original Operador de paragrafo Operador de titulo

Stale IR content Stale IR content

is interesting because is interesting because
it potentially exposes it potentially exposcs
firms to liability risk firms to liability risk
= at the hands of at the hands of
 investors. investors.

4.4 Consensualizacao

A aplicagao de operadores diferentes & mesma imagem pode gerar resultados incoerentes. Pixeis
classificados como pertencentes a mais de uma regiao fazem com que a uniao dos resultados seja
impossivel sem nenhum tipo de processamento. Para concluirmos a segmentagao é necessario
chegar a um consenso sobre qual operador possui a maior probabilidade de estar certo a cada
pixel de classificagdo conflitante.

Partindo da observagao de que pixel pertencente a uma certa regiao costuma estar cercados
por pixeis da mesma regiao, aplicamos um processo de escolha por maior contagem de pixeis na
vizinhanga. Ou seja, se houver um conflito de classificagao de um pixel entre texto ou titulo,
conta-se quantos pixeis na vizinhanca pertencem a uma dada regiao e a que obtiver maior
contagem ganha.



5 Experimentos

Realizamos experimentos variando diversos paradmetros em diferentes etapas da segmentagao.
Apesar de usarmos uma técnica de aprendizado computacional para automatizar parte do pro-
cesso, identificar quais pardmetros produzem o melhor resultado a um custo desejavel (tempo
de processamento e poder computacional) é uma tarefa ainda experimental.

A qualidade da solucdo e o tempo levado para processa-lo foram medidos a fim de identi-
ficar o lucus optimus, ou seja, a combinac¢ao que produz um bom resultado com um tempo de
processamento razoavel.

Os parametros escolhidos para anélise foram:

e Mistura de publicagoes no conjunto de treinamento.

e Quantidade de imagens no conjunto de treinamento.

Tipos de regioes.

Formatos de janelas.

Tamanhos de janelas para consensualizacao.

A seguir detalhamos os valores dos paradmetros e os motivos de sua escolha.

5.1 Base de dados

As imagens utilizadas nos experimentos foram obtidas de um banco de dados construido pelos
pesquisadores do PRImA ao longo de anos [4]. Ele inclui um conjunto de documentos que busca
simular um cenario realistico de aplicacao, com layouts complexos e diferentes tipos de fontes
e formatos de regides. Isto é importante para avaliar a aplicabilidade do método em situagoes
praticas, onde um controle sobre o formato do contetdo seria indesejavel ou inviavel.

No artigo [4], os autores apresentam um conjunto de dados com paginas de revistas, artigos
cientificos diversos, documentos modernos e nao apenas historicos.

O conjunto de dados contém nao s6 imagens mas também arquivos XML [5] com metadados
como informagdes bibliograficas (titulo, autor, publicagdo), informagdes das imagens (resolu-
¢ao, bit depth, modelo do scanner), caracteristicas do layout (ntumero de colunas, variedade de
tamanhos de fontes) e informagoes administrativas (direitos autorais).

Os documentos sao digitalizados com um cartao escuro por tras para minimizar a exposi¢ao
da contra pagina. Posteriormente um algoritmo analisa possiveis falhas, como rotacao do do-
cumento, marcando-os para redigitalizagao. Uma corre¢ao automética nao é utilizada, pois isto
pode comprometer a qualidade da imagem.

Uma vez que a imagem foi aceita no banco de dados, inicia-se um processo manual de
marcagao do grownd-truth. Este trabalho deve ser realizado da forma mais precisa possivel,
pois é a base para determinar a corretude dos algoritmos segmentadores. Por se tratar de uma
etapa muito custosa, uma ferramenta semi-automatica chamada Aletheia [6] é utilizada para
agilizar o processo. Esta ferramenta permite a uma pessoa desenhar uma regiao poligonal em
torno de uma regido de interesse. Em seguida esta regido é automaticamente ajustada pelo
software, como se a pessoa estivesse colocando um elastico que aperta a regiao.

5.2 Mistura de publicacoes no conjunto de treinamento

Diferentes publicacoes trabalham com fontes e grafismos proprios. A diferenca fica evidente ao
comparar um jornal antigo com uma revista sobre tecnologia. Incluir imagens de publicagoes
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diversas no mesmo conjunto de imagens de treinamento pode produzir operadores menos preci-
sos. Mesmo entre publicagoes do mesmo periodo, podemos ter diferentes tamanhos de fontes e
familias de tipos. Este experimento tem por objetivo analisar o impacto na qualidade por tentar
criar operadores mais genéricos.

Testamos os seguintes conjuntos de imagens de treinamento:

e Comunications of the ACM: 263, 674, 677, 680, 683, 685, 686, 689, 692, 695, 802 e¢ 803.
Este conjunto é chamado de CACM neste texto.

e TIME Magazine: 232, 720, 721, 723, 782, 783, 784, 785 e 786. Este conjunto é chamado
de TIME neste texto.

5.3 Tipos de regioes

Os gabaritos do conjunto de dados utilizados nestes experimentos rotulam com detalhes cada
regiao das imagens:

1. Text

Header
Headings (titulo)

Capital (letras maiores)

S
T oo
~—

—~
)

Drop Capital
Credit
Paragraph (paragrafo)

—_— T~ T
- O &

Floating

2 EnR o 20 Z

.
=

Page number

Footer

—
—

Graphic
Math
Chart
Image
Noise

Separator

® N o e Wb

Table

Nos experimentos realizados nos limitamos a Text Heading e Text Paragraph por limitagoes
de custo e tempo.

5.4 Quantidade de imagens de treinamento

A quantidade de imagens no conjunto de treinamento pode afetar a variedade e quantidade de
padroes amostrados, influenciando diretamente a qualidade da solucdo. A sensibilidade a este
fator pode depender do tipo de regiao a ser segmentada, caso a quantidade de amostras por
imagem varie por regidao. O tempo para se treinar o operador também é impactado, pois deve-se
coletar mais amostras.

Treinamos operadores utilizando cinco tamanhos de conjuntos (de uma a cinco imagens).

11



5.5 Formatos de janelas

Variando o tamanho da janela procuramos capturar padroes caracteristicos de cada tipo de
regiao. O tamanho da janela impacta o tempo de processamento da etapa mais custosa que é a
minimizacao, logo descobrir um tamanho de janela com um bom custo beneficio é essencial para
aplicagoes praticas. Sabemos que nem sempre janelas maiores produzem resultados melhores,
portanto este experimento procura descobrir o melhor.

Utilizamos janelas densas e esparsas, ou seja, janelas com todos os pontos preenchidos ou
apenas alguns. Os tamanhos variam de 3x3 a 7x7 para densas e de 3x3 a 11x11 para as esparsas.

5.6 Tamanho da janela de consensualizagao

Experimentamos janelas variando de 3x3 a 15x15. Procuramos entender até quando a hipdtese
de que pixeis de uma determinada regiao nao ocorrem isoladamente é verdadeira.

5.7 Aplicagao

Construimos 200 operadores e os aplicamos aos nossos conjuntos de imagens de teste, cada um
contendo imagens nao envolvidas no treinamento dos operadores. Salvamos todas as imagens
produzidas, totalizando 6.8 GB em resultados.

Apos aplicarmos todos os operadores, executamos o processo de consensualizagao para final-
mente classificarmos os pixeis como pertencentes a um paragrafo, titulo ou desconhecido.

5.8 Avaliagao da segmentacao

Os dois principais métodos utilizados para avaliar a qualidade das solugoes para este problema
sao a comparacao da classificacao dos pixeis individualmente ou a classificagdo de regides, como
sugerido no artigo [7]. Optamos pela comparacao entre pixeis, pois nosso método produz como
resultado a classificagdo de pixeis e nao a delimitagdo de regiGes. Seria necessério agrupar os
pixeis em regioes para que pudéssemos realizar outros tipo de avaliacdo, o que foge ao escopo
deste trabalho.

Uma vantagem na comparagao entre pixeis e nao regioes é o fato de que evitamos restrigoes
arbitrarias na forma das regioes, porém utilizamos muito mais espago do que o formato de regioes
delimitadas por poligonos.
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6 Resultados

O processo de segmentacao foi avaliado apos a aplicacao do operador morfoloégico. Para cada
imagem processada contamos a quantidade de classificagoes em cada uma das categorias de erro
ou acerto da tabela 3. A partir da contagem destas classes calculamos quatro métricas diferentes
tabeladas em 4. Apenas contamos quando o pixel na imagem original é ligado.

Tabela 3: Tabela com classes de resultados

Classificado como
positivo negativo
. . Verdadeiro positivo (¢p). Falso negativo (fn).
Gabaritad t : . . .
acjioa © | PosIo Pixel apagado corretamente. Pixel deveria ter sido apagado.
Lerativo Falso positivo (fp). Verdadeiro negativo (tn).
& Pixel nao deveria ter sido apagado. | Pixel mantido ligado corretamente.
Tabela 4: Métricas para avaliagao de desempenho dos operadores
Meétrica Formula Pior desempenho | Valor 6timo
Precision (Precisao) tpffp 0 1
Recall (Sensibilidade) tpffn 0 1
Foimeasure el 0 i
MCC tptn—Jfpfn 1 1
\/(tp+£p) (tp+fn) (tn+Fp) (tn+fn)

e Precision (Precisao): quantidade de pixeis corretamente classificados como pertencentes a
uma regiao dividido pelo total de pixeis classificados.

e Recall (Sensibilidade): quantidade de pixeis corretamente classificados sobre quantidade
de todos os pixeis que deveria ter sido classificados.

e F-measure: média harménica de Precision e Recall.

e MCC (Coeficiente de correlagao de Mathew): Métrica bastante utilizada na avaliagao de
classificadores binarios. Leva em consideragao verdadeiros e falso positivos e negativos. O
valor 0 indica que o classificador é equivalente a um classificador aleatério. Funciona bem
com classes de tamanhos muito diferentes.

A métrica utilizada nas referéncias teoéricas sobre operadores morfologicos automaticamente
gerados é o MAE (sigla em inglés para Erro Absoluto Médio), cuja formula pode ser escrita
como f’j\',if”, sendo N o nimero total de pixeis na imagem. Porém esta métrica nao é muito
elucidadora para avaliar segmentagdo de péginas. Se, por exemplo, um dado operador ideal
afetar 5% dos pixeis de uma imagem e o operador gerado afetar 5% dos pixeis da imagem nao
pertencentes aos 5% do ideal, 0 MAE seria de 5%. Ou seja, o operador errou todos os pixeis
que ele deveria ter modificado e ainda modificou outros indevidamente. Ela nao distingue entre
diferentes tipos de erro como rotulagao parcial de regioes e rotulagao indevida de regides. Ja o
F-measure resultaria em 0 e o MCC (Coeficiente de Correlagao de Matthew) poderia inclusive
apresentar um valor negativo.
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6.1 Valores observados

As tabelas 5, 6, 7 e 8 contém os valores de Precision, Recall, F-measure e MCC para a classificagao
de paragrafos do conjunto de teste CACM. As tabelas 9, 10, 11 e 12 contém os valores para
classificagdo de pardgrafos do conjunto TIME. As tabelas 13, 14, 15, 16, 17, 18, 19 e 20 contém
os valores para a classificacao de titulos. Cada tabela possui um grafico correspondente com as
janelas na horizontal, o valor da métrica na vertical. Cada cor de barra esta relacionada a um
tamanho de conjunto de treinamento.

Também apresentamos o tempo, em escala linear (figuras 2 e 3) e logaritmica (figuras 4 e 5)
para a construcao dos operadores de parédgrafo e titulo.

14



35000 T T T T T T T T T T

30000} 1
25000 1
v 20000 10%
= . 20%
5 mm 30%
o
& 15000l || o 40%
I 50%
10000} 1
5000 | 1
3x3 dense 3x3 sparse 4x4 dense 5x5 dense 5x5 sparse 6x6 dense 7x7 dense 7x7 sparse 9x9 sparsellxll sparse
Figura 2: Tempo para treinamento dos operadores de paragrafo
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Figura 3: Tempo para treinamento dos operadores de titulo
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Figura 4: Tempo para treinamento dos operadores de paragrafo em escala logaritmica
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Figura 5: Tempo para treinamento dos operadores de titulo em escala logaritmica
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Tabela 5: Média da precisdo na classificagao de paragrafos do conjunto de dados CACM
janelas

densa

esparsa

3x3

4x4

5xH

6x6

<7

3x3

5xH

<7

9x9

11x11

10%
20%
30%
40%
50%

0.6955
0.8378
0.8383
0.8428
0.8418

0.8419
0.8557
0.8690
0.8635
0.8465

0.8850
0.8845
0.8911
0.8885
0.8826

0.9166
0.8926
0.8979
0.8943
0.8918

0.9396
0.9076
0.9141
0.9117
0.9125

0.6953
0.8376
0.8376
0.8376
0.8376

0.8718
0.8744
0.8751
0.8651
0.8601

0.9038
0.8859
0.8921
0.8820
0.8831

0.9527
0.9296
0.9345
0.9291
0.9289

0.9230
0.9029
0.9047
0.9025
0.9044

1.0

0.8

o
=]

Precision

o
=~
T

0.2r

0.0

1/l 10%
 20%
/1 30%
H 40%
1/l 50%

3x3 dense 3x3 sparse 4x4 dense 5x5 dense 5x5 sparse 6x6 dense 7x7 dense 7x7 sparse 9x9 sparsellxll sparse

Tabela 6:

Figura 6: CACM: Classificacao de paragrafos

Meédia recall na classificagdo de paragrafos do conjunto de dados CACM

janelas

densa

esparsa

3x3

4x4

155'¢5)

6x6

<7

3x3

155'¢5)

<7

9x9

11x11

10%
20%
30%
40%
50%

0.9999
0.7796
0.7795
0.7789
0.7796

0.9537
0.9461
0.9316
0.9433
0.9591

0.9817
0.9778
0.9740
0.9739
0.9879

0.9736
0.9686
0.9683
0.9643
0.9802

0.9718
0.9677
0.9668
0.9641
0.9781

1.0000
0.7781
0.7781
0.7781
0.7781

0.9906
0.9894
0.9886
0.9886
0.9939

0.9937
0.9944
0.9928
0.9928
0.9953

0.9863
0.9823
0.9829
0.9810
0.9884

0.9866
0.9829
0.9848
0.9832
0.9896
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Tabela 7: Média F1 na classificagdo de paragrafos do conjunto de dados CACM

Figura 7: CACM: Classificacao de paragrafos

janelas

densa

esparsa

3x3

4x4

5x5

6x6

<7

3x3

5x5

<7

9x9

11x11

10%
20%
30%
40%
50%

0.8088
0.8067
0.8068
0.8087
0.8086

0.8932
0.8979
0.8987
0.9010
0.8984

0.9304
0.9284
0.9303
0.9288
0.9319

0.9440
0.9287
0.9315
0.9277
0.9336

0.9553
0.9365
0.9396
0.9370
0.9440

0.8087
0.8058
0.8058
0.8058
0.8058

0.9268
0.9278
0.9279
0.9221
0.9215

0.9462
0.9366
0.9394
0.9337
0.9354

0.9691
0.9550
0.9580
0.9542
0.9576

0.9534
0.9409
0.9428
0.9409
0.9448

Tabela &:

Média MCC na classificagao de paragrafos do conjunto de dados CACM

janelas

densa

esparsa

3x3

4x4

155'¢5)

6x6

<7

3x3

155'¢5)

<7

9x9

11x11

10%
20%
30%
40%
50%

0.0212
0.3717
0.3726
0.3815
0.3795

0.5591
0.5825
0.5940
0.5950
0.5740

0.7194
0.7123
0.7205
0.7105
0.7246

0.7746
0.7134
0.7276
0.7087
0.7302

0.8199
0.7460
0.7621
0.7497
0.7767

0.0006
0.3691
0.3691
0.3691
0.3691

0.6999
0.7025
0.7022
0.6803
0.6810

0.7775
0.7312
0.7434
0.7187
0.7259

0.8669
0.8123
0.8261
0.8095
0.8235

0.8100
0.7560
0.7671
0.7568
0.7743
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Figura 8: CACM: Classificagao de paragrafos
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Figura 9: CACM: Classificacao de paragrafos
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Tabela 9: Média da precisao na classificagao de paragrafos do conjunto de dados TIME
janelas

densa

esparsa

3x3

4x4

5x5

6x6

<7

3x3

5x5

<7

9x9

11x11

10%
30%
40%
50%

0.7725
0.7729
0.7466
0.7493

0.8186
0.8123
0.7997
0.8139

0.8662
0.8699
0.8655
0.8775

0.8856
0.9007
0.9008
0.9087

0.9093
0.9177
0.9211
0.9304

0.7226
0.7226
0.7077
0.7226

0.8536
0.8440
0.7858
0.8364

0.8119
0.8188
0.8155
0.8221

0.8968
0.9032
0.9044
0.9094

0.8095
0.8210
0.8271
0.8272

1.0

0.

[o:]

o
=]

Precision

o
=~

0.

L%}

0.

o

1/l 10%
 20%
/1 30%
H 40%
1/l 50%

3x3 dense 3x3 sparse 4x4 dense 5x5 dense 5x5 sparse 6x6 dense 7x7 dense 7x7 sparse 9x9 sparsellxll sparse

Figura 10: TIME: Classificacao de paragrafos

Tabela 10: Média recall na classificagao de paragrafos do conjunto de dados TIME

janelas

densa

esparsa

3x3

4x4

5x5

6x6

<7

3x3

5x5

<7

9x9

11x11

10%
30%
40%
50%

0.6025
0.6011
0.7304
0.7212

0.7503
0.7712
0.8761
0.8436

0.7864
0.7990
0.9166
0.8982

0.7966
0.8170
0.9281
0.9177

0.8039
0.8286
0.9269
0.9251

0.7645
0.7645
0.8087
0.7645

0.6514
0.6825
0.9228
0.7446

0.9461
0.9489
0.9872
0.9790

0.8761
0.8939
0.9640
0.9595

0.9172
0.9263
0.9734
0.9728
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Tabela 11: Média F1 na classificacao de paragrafos do conjunto de dados TIME

Figura 11: TIME: Classificacao de paragrafos

janelas

densa

esparsa

3x3

4x4

5x5

6x6

<7

3x3

5x5

<7

9x9

11x11

10%
30%
40%
50%

0.6757
0.6750
0.7372
0.7338

0.7819
0.7902
0.8353
0.8276

0.8230
0.8315
0.8897
0.8868

0.8374
0.8553
0.9138
0.9123

0.8519
0.8694
0.9235
0.9270

0.7418
0.7418
0.7536
0.7418

0.7373
0.7532
0.8479
0.7869

0.8733
0.8785
0.8927
0.8932

0.8857
0.8980
0.9330
0.9335

0.8594
0.8699
0.8940
0.8937

Tabela 12: Média MCC na classificagdo de paragrafos do conjunto de dados TIME

janelas

densa

esparsa

3x3

4x4

5x5

6x6

<7

3x3

5x5

<7

9x9

11x11

10%
30%
40%
50%

0.5438
0.5431
0.6010
0.5977

0.6720
0.6801
0.7393
0.7310

0.7350
0.7467
0.8253
0.8227

0.7575
0.7844
0.8642
0.8629

0.7817
0.8059
0.8799
0.8863

0.6004
0.6004
0.6137
0.6004

0.6376
0.6507
0.7601
0.6854

0.8007
0.8091
0.8352
0.8350

0.8224
0.8407
0.8939
0.8947

0.7784
0.7958
0.8362
0.8363
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Figura 12: TIME: Classificacao de paragrafos
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Figura 13: TIME: Classificacao de paragrafos
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Tabela 13: Média da precisao na classificacao de titulos do conjunto de dados CACM
janelas

densa

esparsa

3x3

4x4

5xH

6x6

<7

3x3

5xH

<7

9x9

11x11

10%
20%
30%
40%
50%

0.0000
0.0000
0.0000
0.0000
0.0000

0.2115
0.1650
0.1352
0.1518
0.1864

0.2198
0.1894
0.1115
0.1381
0.1848

0.2301
0.2171
0.2115
0.2146
0.2334

0.2335
0.2609
0.2642
0.2637
0.2842

0.0467
0.0467
0.0467
0.0467
0.0467

0.2413
0.2485
0.2000
0.2000
0.0000

0.0910
0.0878
0.0725
0.1006
0.1069

0.2802
0.2943
0.3060
0.2945
0.3256

0.1275
0.1676
0.1495
0.1653
0.1771

1.0

0.8

0.6

Precision

0.4r

0.2+

L%}

ol

3)(()3Ddense 3

Tabela 14: Média recall na classificagdo de titulos do conjunto de dados CACM

%3 sparse 4x4 dense

Figura 14: CACM: Classificagao de titulos

5x5 dense 5X5 sparse 6x6 dense

1/l 10%
 20%
/1 30%
H 40%
B 50%

7x7 dense 7x7 sparse 9x9 sparse 11x11 sparse

janelas

densa

esparsa

3x3

4x4

155'¢5)

6x6

<7

3x3

155'¢5)

<7

9x9

11x11

10%
20%
30%
40%
50%

0.0000
0.0000
0.0000
0.0000
0.0000

0.0083
0.0014
0.0003
0.0002
0.0002

0.0667
0.0382
0.0049
0.0167
0.0269

0.1420
0.1209
0.0539
0.1091
0.1113

0.2059
0.2411
0.1683
0.2598
0.2709

0.1731
0.1731
0.1731
0.1731
0.1731

0.0130
0.0028
0.0000
0.0000
0.0000

0.2912
0.2550
0.1883
0.2777
0.2866

0.2506
0.2931
0.2081
0.2925
0.3531

0.3712
0.4557
0.3980
0.4640
0.4885
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Figura 15: CACM: Classificagao de titulos

Tabela 15: Média F1 na classificacao de titulos do conjunto de dados CACM

1[I 10%

 20%
/1 30%
E 40%
B 50%

7x7 dense 7x7 sparse 9x9 sparse 11x11 sparse

janelas
densa esparsa
3x3 4x4 9xH 6x6 =7 3x3 9XH X7 9x9 11x11
10% | 0.0000 0.0152 0.0869 0.1428 0.1766 || 0.0601 0.0234 0.1119 0.2094 0.1510
20% | 0.0000 0.0028 0.0560 0.1311 0.2161 || 0.0601 0.0054 0.1074 0.2677 0.2116
30% | 0.0000 0.0005 0.0088 0.0742 0.1799 || 0.0601 0.0000 0.0838 0.2308 0.1858
40% | 0.0000 0.0004 0.0265 0.1252 0.2319 || 0.0601 0.0000 0.1234 0.2731 0.2125
50% | 0.0000 0.0004 0.0429 0.1331 0.2481 || 0.0601 0.0000 0.1302 0.3169 0.2259
Tabela 16: Média MCC na classificagdo de titulos do conjunto de dados CACM
janelas
densa esparsa
3x3 4x4 5XbH 6x6 <7 3x3 5XbH <7 9x9 11x11
10% | 0.0000 0.0243 0.0739 0.1184 0.1484 | -0.0879 0.0357 0.0239 0.1958 0.0964
20% | 0.0000 0.0078 0.0508 0.1065 0.1849 || -0.0879 0.0176 0.0117 0.2342 0.1640
30% | 0.0000 0.0020 0.0058 0.0676 0.1551 || -0.0879 0.0006 -0.0159 0.2023 0.1264
40% | 0.0000 0.0024 0.0203 0.1003 0.1975 || -0.0879 0.0008 0.0319 0.2372 0.1637
50% | 0.0000 0.0033 0.0416 0.1115 0.2162 || -0.0879 0.0000 0.0435 0.2838 0.1851
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Figura 16: CACM: Classificagao de titulos
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Figura 17: CACM: Classificacao de titulos
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Tabela 17: Média da precisao na classificagao de titulos do conjunto de dados TIME

janelas
densa esparsa
3x3 4x4 5XbH 6x6 <7 3x3 o9XbH X7 9x9 11x11
10% | 0.0000 0.0000 0.0020 0.0571 0.0776 || 0.0189 0.0000 0.0232 0.0510 0.0277
30% | 0.0000 0.0000 0.0018 0.0063 0.0137 || 0.0189 0.0000 0.0227 0.0151 0.0217
40% | 0.0000 0.0000 0.0081 0.0203 0.0447 || 0.0189 0.0000 0.0271 0.0600 0.0297
50% | 0.0000 0.0147 0.0122 0.0495 0.0721 || 0.0189 0.0000 0.0274 0.1172 0.0341
1.0
0.8f
0.6} | . 10%
s . 20%
£ = 30%
£ E 40%
0.4r 1|l 50%
0.2f
- la il e l:‘ -l

o — = —
3x3'dense 3x3sparse 4x4 dense

Tabela 18: Média recall na classificacao de titulos do conjunto de dados TIME

Figura 18: TIME: Classificacao de titulos

5x5 dense 5X5 sparse 6x6 dense 7x7 dense 7x7sparse 9x9 sparse 11x11 sparse

janelas

densa

esparsa

3x3

4x4

5x5

6x6

<7

3x3

5x5

<7

9x9

11x11

10%
30%
40%
50%

0.0000
0.0000
0.0000
0.0000

0.0000
0.0000
0.0000
0.0000

0.0007
0.0004
0.0001
0.0003

0.0610
0.0053
0.0046
0.0056

0.1410
0.0166
0.0210
0.0256

0.1786
0.1786
0.1786
0.1786

0.0000
0.0000
0.0000
0.0000

0.1600
0.1558
0.1626
0.1607

0.0451
0.0108
0.0138
0.0111

0.2089
0.1598
0.1821
0.1943

26



1.0

0.8

0.6

Recall

0.4r

0.2r

0.0 .
3x3'dense 3x3sparse 4x4 dense

L.l

Figura 19: TIME: Classificagao de titulos

Tabela 19: Média F1 na classificacdo de titulos do conjunto de dados TIME

1/l 10%
 20%
/1 30%
H 40%
1/l 50%

5x5 dense 5X5 sparse 6x6 dense 7x7 dense 7x7sparse 9x9 sparse 11x11 sparse

janelas
densa esparsa
3x3 4x4 5x5H 6x6 <7 3x3 5xH 7 9x9 11x11
10% | 0.0000 0.0000 0.0010 0.0568 0.0966 || 0.0331 0.0000 0.0392 0.0451 0.0476
30% | 0.0000 0.0000 0.0007 0.0056 0.0146 || 0.0331 0.0000 0.0383 0.0123 0.0371
40% | 0.0000 0.0000 0.0003 0.0073 0.0272 || 0.0331 0.0000 0.0449 0.0214 0.0494
50% | 0.0000 0.0000 0.0005 0.0099 0.0367 || 0.0331 0.0000 0.0452 0.0199 0.0562
Tabela 20: Média MCC na classificagdo de titulos do conjunto de dados TIME
janelas
densa esparsa
3x3 4x4 5xbH 6x6 <7 3x3 5xH <7 9x9 11x11
10% | 0.0000 -0.0015 -0.0147 0.0281 0.0649 || -0.0371 0.0000 -0.0177 0.0202 -0.0050
30% | 0.0000 -0.0014 -0.0122 -0.0186 -0.0148 || -0.0371 0.0000 -0.0190 -0.0087 -0.0215
40% | 0.0000 0.0000 -0.0024 -0.0027 0.0109 | -0.0371 0.0000 -0.0061 0.0151 0.0018
50% | 0.0000 -0.0001 -0.0015 0.0069 0.0251 || -0.0371 0.0000 -0.0053 0.0263 0.0121
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6.2 Imagens finais

As tabelas 21, 22, 23, 24 e 25 apresentam as duplas de imagens segmentada e ideal para cada
uma das imagens do conjunto de teste CACM. As tabelas 26, 27, 28 €29 contém as imagens da
TIME. A imagem segmentada exibida foi obtida utilizando o operador morfolégico de melhor
F-measure (janela 9x9 esparsa com maior nimero de exemplos de treinamento). A cor azul
representa regioes de paragrafo, verde para titulos e vermelho para marcar o que sobrou.
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Tabela 21: Segmentagao da imagem 689

Ideal

number of references) follows a geometric discribu-
ion with parameter .
F accesses to an object are in fact correlated, then
the objeet’s IAT distribution will deviate from the
geometric; so to measure coreelation we introduce a
mettic that is very sensitive to this deviation. The
coeffcient of variation (CV) of a diseribution is its
standard deviation divided by its mean. To form a
metsic for a given trace, we take an average of IAT-
CV over all references in the trace, as described in [4].

For the geomerric distribution with parametcr p,
the CV is

Y15,

In Web reference streams, in which even the most

p y
refirence (generally much less than 196), the expected
TAT-CV in the casc of no temporal corrclasion is very
close 10 one. Therefore, in Web reference streams,
CV values close to unity suggest that reference pat-
temns are close to the IRM (contain litdle temporal

recombined into a systemwide view. The idea is o
consider how each transformarion operates on cach
source of locality; we organize our findings in the
table here. The results in this table are derived from
measurements of Web traces, experimental evalua-
tion of transformations of Web traces, and analytic
considerations, as deseribed in [4].

Filkering. Filtering by a cache, under commonly
used cache replacement policies like LRU and least
frequeney used (LFU), tends to remove both com-
poncns of locality. It removes popularity (increases
entropy) because highly popular objects arc morc
likely to be found in the caches and it tends to
remove correlation  (decreases IAT-CV) because
recently referenced objects are more likely to be
found in the cache.

Aggregation. Aggregation of streams coming from
disciner upstream sources tends o increase locality,
especially near servers. This occurs because entropy
ecreases, while IXT-CV changes very liule. Entropy
decreases because the popularity of documents in the

‘merged stream is generally more

[r— Maragptis. | Dinggroguion | skewed than in the component
i screams being merged. This sur-
Popusrity Icreases ntropy (Ducss oy Lide efect: prl\mg effm, nh<=ned in empir-
e es, occurs  because
Corrslaion | Dacrases IAFCY Ll st arrdainl glubally popuhr do:um:nn rend
ccur i each component

g, OO il vl

ger
represent a o
with arge relcve variance, and
50 suggest the presence of strong
inter-reference correlations.

Thus, IAT-CV is an effective metric for capruring
temporal correlation. In a manner similar to nor-
malized entropy, the importance of correlation in a
reference stream can be measured by its effect on hic
ratio in a LRU cache. When a trace is scrambled
(removing corltione) e esliog bic o ends
10 decreases in (4] we find this decrease is strongly
corrled with IAT.CY,

efects of the different chan
f

wansformations on

w0 components of

temporal loclity.

Exploring Stream Locality
So far, we have been devoted to decomposing the
complexity of Web systems along two axes: the trans-
formations operating on Wb streams have been
desomposed into aggegacon, diaggregaion, and
he locality property of request strcams
e dn()mpus:d into popularity and correla-
tion. Using this decomposition, we can begin to
awack the underlying problem, namely the sys-
temwide engincering of the Web. Organizing the var-
fous processes of the system along these two axes
yields a set of ractable analyses that can ultimately be

arcam, while unpopular documents do nov. This
cet is most pronounced near servers, where the
argen mumbet of indépendent streams are being

Disuggregation. Disaggregation into separate
streams tends to reduce locality, but its cffcct is only
pronounced near clients. Disaggregation has litde
effece on entropy; this scems to be because resulting
downstzcam components tend to mainain skewed
object. popularity approximately like the  original
stream. This is consistent with the many studies that
have shown that even among objects on a single Web
server, Zipf's Law is quite pronounced. Disaggrega-
tion docs tend to reduce [A] cv bue this effect is

only pronounced when disaggregation occurs close
o he chent. Ar most oher psces i che Web system
there is little correlation in cither incoming or out-
going streams.

Location i the Web of Streams. Applying these
insights to the Web system, we can begin o under-
stand how locality changes as a function of location
in the system. Referring back to Figure 1(b), we say
that a component is near cliencs if it receives requests
from rlacely »ew clients, and sends requests t rel-
ativly many scvers: and f the svation s eversed,
the component is near servers. We can then ask how
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number of references) follows a geometric discribu-
tion with parames

F in object are in fact comlmd then
the objecrs TAT diciburon wil the
ghomtric 0 to messne coneltion we ntrodice 3
mettic that is very sensitive to this deviation. The
cocffcient of variation (CV) of a diseribution is its
standard deviation divided by its mean. To form a
metsic for a given trace, we take an average of IAT-
CV over all references in the trace, as described in [4].

For the geometric distribution with parametcr p,
the CV is

R

In Web reference strcams, which even the most

Iy d obijeer
il {generally much les than, 100, the rxpul«]
TAT-CV in the casc of no temporal cortclation is very
close 10 one. Therefore, in Web reference streams,
CV values close to unity suggest that reference pat-
temns are close to the IRM (contain litdle temporal

recombined into a systemwide view. The idea is o

onsider how each transformation operates on cach
source of locality; we organize our findings in the
table here, The results in this table are derived from
measurements of Web traces, experimental evalua-
tion of transformations of Web traces, and analytic
considerations, as deseribed in [4].

Filkering. Filtering by a cache, under commonly
used cache replacement policies like LRU and least
frequenty used (LFU), tends to remove both com-
poncnts of locality. It removes popularity (increases
entropy) because highly popular objects are more
likely to be found in the caches and it tends to
remove correlation (decreases IAT-CV) because
recently referenced objects are more likely to be
found in the cache.

Aggregation. Aggregation of streams coming from
discinct upstream sources tends o increase locality,
especially near servers. This occurs because entropy

ccreases, while IXT-CV changes very liule. Entropy
decreases because the popularity of documents in the
‘merged stream is generally more

skewed than in the component
streams being merged. This sur-

prsin effec bseied in empir-

cal traces, occurs  because
globally popular documents end

Fitaciog
Poprky | leresses envopy. Decreaes anopy. e efct
especily e servers
Corelaton | Docresses WOV [T Decreass WICY
cspacily near ces
Summary of th correlation); while values larger

it of the dferent chan o
wansformations on i

w0 components of
temporal locality.

represent a distribution
with large relative variance, and
50 suggest the presence of strong
inter-reference correlatior
s, IAT-CV s an effective metric for capruring
temporal correlation. In a manner similar to nor-
malized entropy, the importance of correlation in a
reference stream can be measured by its effect on hic
ratio in a LRU cache. When a trace is scrambled
(removing correlations) the resulting it ratio tends
10 decreases in (4) we find this decrease s strongly
correlated with IAT-CV.

Exploring Stream Locality

So far, we have been devoted to decomposing the
complexity of Web systems along two axes: the trans-
formations operating on Wb streams have been
desomposed into aggegadon, diaggregaion, and
file locality property of request strcams
s heen decompored o popularty and conel.
tion. Using this decomposition, we can begin to
aack the underlying problem, namely the sys-
temwide engincering of the Web. Organizing the var-
fous processes of the system along these two axes
yields a set o ractable anal

3
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Iy Ak .
Limelines.
of Investor Relations Data
at Corporate Web Sites

ONLINE DATA FOR INVESTORS
HIGH QUALITY.

How caAN TH

n recent years Sccurities and Exchange
Jommission (SEC) regulators have

promoted the widespread and specdy |

dissemination of financial information

w all users. The SEC Web site pro-

vides the following statement regarding its
EDGAR archives of downloadable company
Alings |

financial  repors and

ciency and fairness of the sccurities market for |
the benefit o invesors, orporations, and the

ceonomy by acceleating the receipr, accep- |
tance, dissemination, and analysis of time-
sensive corporace information fled with the

In October 2000, the SEC Regulation FD
(fui disclosure) becam
requires companics t disseminate important
investor relations (IR) information via press

ases, Regulation FD) specifically encour- |
ages them o use the Internet to accomplish
broad and rapid disscmination (1], The Sar-
banes-Oxley Act, signed into law in July
2002, requires larger companies to accelerate |
i of their Forms 10-Q and 10-K. In
addicion, these firms will be required to dis-

‘Although it | ager

IS OFTEN STALE, EVEN WHEN OF

IS SITUATION BE IMPROVED?

close in Form 10-K whether they provide
these reports ar their Web sies “as soon as ea-
sonably practicable” after iling them with the
SEC (8.

Corporate IR personnel also are vally
incerested in using the Interner to rapidy dis-
seminate IR mfmmuu “The Sandards of
Practice for Inve jons [10] states:

formaton should be e in s man-
ner designed 1o reach the widest public audi-
ence possible, including the individual
investor. Companics should encourage the
use of muliple technologies 1o disseminate
information.”

Corporate Web sites are especially suitable

for distributing a wide varicty of IR data,
including analyst conference calls and man-
presentations, since information can be
posted in_ muliple formats (text, graphics,
audio, and video) and lang,

Clearly,the rapid and widespread diseribu-
tonof IR informasion v echnlogy s di
able, both from  the social (SEC) as
corporate (investor relations) perspecives.
Use of corporate Web sies for this purposc is
an important activity with a relatvely shor
history. Several studies have. investigared

BY MICHAEL ETTREDGE

AND JOHN GERDES, JR.
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component
stream, while unpopular documents do nor. This
effect is most pronounced near scrvers, where the
largest number of independent streams are being
merge

Disuggregation. Disaggregation into separate
sereams tends to reduce localiry, but its cffect is only

nounced near clients. Disaggregation has litde
effece on cntropy; this scems to be because resulting
downstzcam components tend to mainain skewed
object. popularity approximaely like the original
stream. This is consistent with the many studies that
have shown that even among objects on a single Web
server, Zipf's Law is quite pronounced. Disaggrega-
tion docs tend to reduce AT-CV, but this effect is
only pronounced when disaggregation occurs close
10 the client. At most other i the Web system
ther i e coraion in cihe incoming of vt
going stream:

Location in the Web of Streams. Applying these
insights to the Web system, we can begin o under-
stand how locality changes as a function of location
in the system. Referring back to Figure 1(b), we say
that a component is near cliencs if it receives requests
from relatively few clients, and sends requests to rel-
atively many serverss and if the situation is reversed,
the component is near scrvers. We can then ask how
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Timelines
of Investor Relations Data
at Corporate Web Sites

ONLINE DATA FOR INVESTORS IS OFTEN STALE, EVEN WH!
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HIGH QUALITY. HOW CAN THIS SITUATION BE IMPROVED?

n recent years Securitics and Exchange
Cor n (SEC) regulators. have
promored the widespread and speedy |
lissemination of financial information
4o to all users. The SEC Web site pm.
vides the following statement regas s |
EDGAR archives of downloadable comp.my
financial reports and other Rlings |
(wwwwsee goviedgarfsboutedgachm): |
“ls primary purposc it increase the cffi-
ciency and fairness ofthe securties marker for | en
the benefic of investors, corporations, and the

cconomy by acceleating the receipr, accep-
tance, dissemination, and analysis of time
sensive corporate information fled with the

In October 2000, the SEC Regulation FD
(fair disclosure) became effective. Although it
requites companies to disseminate importan
investor relations (IR) information via press
releases, Regulation FDD specifically encour-
ages them o use the Internet 1o accomplish
broad and rapid dissemination (1], The Sar-
banes-Oxley Act, signed ino law in_ July
2002, requires larger companies to accelerate |
the fling of their Forms 10-Q and 10K, In
addition, these firms will be required to dis- |

close in Form 10-K whether they provide

thee eporsa el Wi e soom s e

sonablypracibleafc ling e wich he
C (8],

Cuqmm{c IR personnel also are vially
incerested in using the Interner to rapidy dis-
seminate IR information. The Standards of
Practice for Investor Relations [10] stares:

“Information should be released in a man-
e dsgnd o e videss bl i
uding. the individual
imesoz Companies should encurge the
use of muliple technologies 1o dis
information.”

Corporte Web i are cipecialy wible
for distibuting  wide variety of IR data,
including analyse conference call ot
ager presentations, since information can be
possd in muliple frmas (e, grphics
audio, and video) and lang,

Clealy, the rapid and wideapread disib
o of IR information v ischnoloy i ds
able, both from the social (SEC)
corporate  (investor

and
relations) _perspectives.
Use of corporate Web sies for this purposc is
an important activity with a relatvely shorc
history. Several studies have  investigated
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s of "0 sl 1 For he Newss: Connt -
¢ least three-fourths of the observarior
oded 17 o s, For this resson, and e examining
iduals, we decided to employ ordi-

sents the logisic regression results for
dependent variables Newest Content and Oldest Con-
tent. Panel A contains results with Newest Content as
she dependent vl Thes cxpansiory idbles
have significant cocl The sign of financial
el s apponic 1o expectrions, Ahough firms hav-
ng hihes cumentyu pofes
o o dheir Web

Fuvorable formation tthei e, shhough that nfor:
aonmight ot inchde he sl et (3 6),
m. favorable information might include, for ex
. periodic management predictions of m\pmvui
hmm )xrlmmmmc or frequent announcements of
major customer orde
"The second sgnifcanc varisle, the nunber of fle
wpes provided ar the IR sit, is nega
with age of newest content, as expected. ur r_mmi
explanation is that number of filc types s a proxy for
commitment 1o high-qualiry Web-based IR, which
implicitly includes fresh content. An alternative expla
nation is more prosaic: the richer the content delivery,
i ome of the content is very
frh. The thindsgnifcanscocfcien ivolesche per
centage of bad home links at the IR site. If onc views
bad links as an inverse proxy for quality of Web-based
ge of bad home links

g new concent some-
cimes disrapes linke, and that s eney such v
nd repair them, with a time lag. Thus, as the
of a firmis newest content inereases, the number of
bad links tends 1o dec
ol Table 3 indicates tha age of oldes con-
Lenc s unaffcted by frm i, suance ofstock, o p
of bad links. Only one variable, N File Ty
he sign of thar vari-
e switche beeween pancl. It appesr that ctors
deteining the age of oldest conte r

conten i imeresing becse i porenisly
firms to liability risk at the hands of investors.
significant cocf ent in Panel B is number of IR Web
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» Stale IR content

is interesting because
it potentially exposes
firms to liability risk
at the hands of

investors.
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Phillip G. Armour

The Unconscious Art of

Software Testing
The subtle psychology of testing

n The Are of Sofiware Testing,
Glenford Myers asserced that
*...the most important con-

| Wsiderations in software testing

are issues of economics and
human psychology” (6]. In fact,
the most important considera-
tions of any software development
practice are (or should be) issues
of economics and human psy-
chology:. Parcicularly psychology.
hallenge in testing sys-
tems is that tesers are trying
10 develop  way to find out
if they don'c know that they
dont know something. This
is cquivalent t0 2 group of
scentiss trying to devise an
peinent vl somtbing
hey are not looking for. It is
mely difficult 0 do. In fact,
as Thomas Kuhn pointed out, the
image we have of the scientist
boldly going into uncharted terri-
cory and f

never knew i at odds with the
rlity [5,Scnits st by
find our things they alrcady know.
“The hypothesis must come before
the experiment w confirm (or  ous column, |
deny) it. In facr, it s almost rou-  even th

tine for scientists to ignore results
thar get in the way of their pre-
conceived notions and carefully

constructed inllcctual models.
Itis no possible t be wholly
deterministic about testing since
we donit know what to be deter-
ministic about. Testing, probably
more than any other activity in

thingswe  software development, is about
discovery. Tn the bad

people were sometimes punished

for finding defecrs, since defects

were considered bad. In my previ-

well, defective [2]. By che time we
getaround 1o dynamic testing
there may be things we should

have found out carier but didit
due to some negligence on our
part. exposing things we
didrit know we didrt know by
dynamically exceuting the knowl-
edge contained in a system s not
itsef a bad thing. We've stopped
punishing esters for finding
defects, though rewarding them
for the same hasits peris.
‘Sometimes the most effective
and cfficient way to find cerain
defects i to test for them. This
do n any way substitute
for good engincering practices
and feedback mechanisms such
as inspections. Indeed, without
such processes i place and
) wempe at dynamic
testing quickly becomes over
Whelmed and quit inclfcive, Bue
there are ceruain kinds of problems
chat are very difficult o identify
analytially. Some companies |
work i perform enormous
quantitis of integration testing.
“They must do this because they
have enormously integrated sys-
tems and ic i very difficult to
determine their behavior in opera-
tion unless you excaute them in
some controlled fashion. Simula-
ton is aking over traditional test-
ing in some of these arcas, but a

z
s &

jinted ou that
fect” is a liudle,

values of “0” and “1.
able, ar least three-fo
coded “1” or les.
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For the Newest Content vari-
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dependent vaibles Newest Contens and Olden Con
tent. Panel A contains results with Newest Content as
the dependent variable, Thrce explanatory
have significant coc The sign of Fnancia
health s opposite to expectasions. Although firms hav-
ing higher current year profits mig

il repors 1o theie Web

for
o migh ot inclae he sl eport (e n 16
h favorable information might include, for exam-
ic management predictions of improved
s )\rlommmc o frequent announcements of
major customer orde
"The second sinificanc variable, the number of f
ypes provided ar the IR site, is negar cd
\v:xptuul Our favored
c types is a prory for
Commiment 1o bigh-qualy Nebbased 1R, which
implicitly includes f ernative expla-
nation is more prosaic: the richer the content delivery
the more likely it is that some of the conten i ve
fiesh. The third significanc cocffcient involves he per-
centage of bad home links at the IR site. If onc views
bad links as an inverse proxy for quality of Web-based
IR, we would expect the percentage of bad home links
1o be positively associated with the a
tent. Instead we observe the opposice. Fresher content
is associated with a greater percentage of bad home
links. We speculate that inserting new concent some-
times disrups links, and that firms identify such dis-
ir them, with a tme lag. Thus, s the
of a firms newest content increases, the number of
bad links tends 1o dec
B of Table de\uu\ that age of oldest con-

¢ of newest con-

8 because it potentially exposes
ity ik ¢ the hands of imvetor, Th fi
ne coefficienc in Panel B is number of IR Web
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Stale IR content

is interesting because
it potentially exposes
firms to liability risk
at the hands of

investors.
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Phillip G. Armour

The Unconscious Art of

Software Testing
The subtle psychology of testing.

n The Art of Sofiware Testing,
Glenford Myers asserced that
“...the most imporcant con-
| M siderations in software testing  we d
re F economics and
Human paychology” 61 I fce,
the most important considera-
| tions of any software development
practice are (or should be) issucs
of economics and human psy-
chology:. Parcicularly psychology.
The challenge in testing sys-
tems s that testers are trying
1 develop a way to find out
if they don'c know

is cquivalent to a group of
| scientists trying to devise an
experiment t reveal someching
they are not looking for. It is
extremely difficult o do. In fact,
as Thomas Kuhn pointed out, the
image we have of the scientist
boldly going into uncharted terri-
nd finding out hings
at odds with the
reality [5). Scientists almost always
ind out chings they already know.
Typothess must come before
e mor  ous column,
ot tou. even the

never knew

cople were son

for finding defe

the e
deny) . In facr, icis a
tine for scientists to ignore results
thar get in the way of their pre-
conceived notions and carefully
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constructed inellectual models.
Itis nor possible to be wholly
deterministic about testing since
ot know what to be det
ministic abou. Testing, probably
more than any other activity in

software development, is about
discovery. Tn the bad old days,

were considered bad. In my previ-
inted out that

well, defective [2]. By che time we
get around to dynamic testing
there may be things we should

have found out carlier but didit
due to some negligence on our
part. However, exposing things we
didrit know we didnt know by
dynamically exceuting the knowl-
edge contained in a system s not
itsef a bad thing. We've stopped
punishing testers for finding
defects, though rewarding them
for the same has its peris
ometimes the mast efective
and efficient way to find cerain
defects i to tes for them. This
docs not in any way substiute
for good engincering practices
and feedback mechanismes such
as inspections. Indeed, without
such processes i place and
oring any acmpe a dyanic

work with perform enormous
s ofntgion g
times punished  They must do this because they
snct defecs v enormously integated sy
tems and ic i very difficult to
determine their behavior in opera-
tion unless you excaute them in
some controlled fashion. Simula-
tion is aking over traditional test-
ing in some of these arcas, bu a

lefect” is a liede,

COMMUMCATIONS OF THE AGH iy 1605 v 4800 1 15



Tabela 25:

Testing, probably more than any other activity in
software development, is about discovery.

never occur in the real world, but
which we think might exposc a
so-far unknowr

system.

imitation in the
None of these are guaran-
teed to throw a defect. In fact,
nothing in testing is guaranteed,
since we don now what
weare Tooking fo. W are jus
loking for somethin cht s

lon't know something
O this s abvious, a5 when the
system crashes; sometimes it is
quite subtle.

The Dual Hypotheses of
Knowledge Discovery
The Dual Hypotheses of Knowl-
edge Discovery [3] arc:

« We can only discover knowl-
edge in an environment that
contains that knowledge.

« The only way o assert the
validity of any knowledge i to
compare it to another source of
knowledge.

he firs: hypothesis shows
us why, somerimes, we
cannot test for and detcct
defects in the lab. If
cannor duplicate, in suffici
eral and with suffcint conrol,
the situations tha will oceur in
the customer’ environment when

we reease the sofiware, we cannot
expose these defects. OF course,
the customer’s environment, not

being subjcct to dhis limiraion,
wsually has no difficulry in quite
yul\hulv dm\ons!munz our lack of
owledge

“The second hypothesis demon-
serates the paradox of testing: if
have sufficient knowledge about
what is wrong with my
aan cre

em
e a robust set of et cascs
Jes that will show if there s
anyehing 1 don know. But i do
have sufficient knowledge about
wha I donit know, I must a priori
Know it, which means I have
already exposed my ignorance and
therefore T dont need to testat all.
Testing, it seems, is cffective only if
e donit need to do it and is not
very effective when we do need to
doi

Paradoctoring the Paradox
How can we effectively address
s situation? Our testing heuris-
tics of boundary value analysis
and cquivalence partitoning help.
They point us to the locarions of
high-densicy knowledge within
our system. We are most likely to
make mistakes where complex
knowledge is clustered. Where
things are complicated we usually
understand them less and our
ignorance (read defects) is usually
higher

Bur there is another aspect to
consider. | have found good
testers have a “nose” for testing.

y expericnce a kind of intu-
irion that tels chem what to test
and how. A simple example of this
operation can be shown in the

layering or sequencing of tests. At
the beginning of The Are of So
ware Testing, Myers suggests a self-
test 1o determine your test
effectiveness (his phrase). It
involves establishing a sct of tests
for a wivial program that acceprs
inputs to be used to predict
whether the values, if numeric,
will describe the sides of an equi-
lateral, an isosceles, or a scalene
wriangle. Presumably, the program
will also indicate if the input val-
ues cannot make a triangle
for some reason. A standard (cor-
rect or valid) input test case might
be to use the numbers 3, 4, and 5.
These numbers, representing the
ngths of the sides of a riangle,
would produce a right-angled sca-
lene triangle. Assuming the pro-

gram warks well for this input,
would it be better 10 next exceute
a test for the number sec 3, 5, 42
Or how |hm|r the number ser 4,
5,60r6,4,

s shown in the tble
here, the choices in this
case are becween chang-

ng only the order of the
inputs, only their values or
changing both order and value ac
the same time. Is it “better” to

COMMUMICATIONS OF e ACH oy 005 1t 17

Segmentacao da imagem 803

Testing, probably more than any other activity in
software development, is about discovery.

never occur in the real world, but
which we think might exposc a
so-far unknown limitation in the
ystem. None of these are guaran-
teed to throw a defect. In fact,
nothing in resting is guarantecd,
since we done really know what
we are looking for. We are just
looking for something chat tells
us we don't know something
Often chis is obvious, as when the
system crashes; somerimes it is
quite subtle.

The Dual Hypotheses of
Knowledge Discovery

The Dual Hypotheses of Knowl-
edge Discovery [3] a

* We can only discover knowl-
edge in an environment that
contains that knowledge.

« The only way to assert the
validity of any knowledge i to
compare it to another source of
knowledge.

h s yporhesis shos

H

metimes,
Cannor e ot and detece
defcs it b I we
cannor duplicate, in suff
detal and with sufficien mnrml»
the situations that will occur in
the customers enironment shen
A fivware, we cannot
xpos thse defects, OF course
the customer’s environment, not

being subjcct to this limitasion,
wsually has no difficulty in quite
publicly demonstrating our lack of
knowledge
The second hypothesis demon-

serates the paradox of tesing if
have suficient knowledge about
what is wrong with my system |
can creare a robust set of test cases
and resuls that will show if there is
anycing | do Ko, Buc 1o

have sufficient knowledge about
whac I donit know, I must a priori

know it, which means [ have

already exposed my ignorance and

therefore I dont need to testar all

Testing, it seems, is cffective only if

we dont need to do it, and is not

very effective when we do need 10
o it

Paradoctoring the Paradox
How can we effectively addre:
his situation? Our testing heuri
tics of boundary value analysis
and cquivalence partitioning help.
They point us to the locarions of
high-densicy knowledge within
our system. We are most likely to
make mistakes where complex
knowledge is clustered. Where
things are complicated we usually
understand them less and our
ignorance (read defects) is usually
higher.

Bur there is another aspect to
consider. 1 have found good
testers have a “nose” for testing

They experience a kind of incu-
ition that tells them what o test
and how. A simple example of this
in operation can be shown in the
layering or sequencing of tests. At
the beginning of The Are of Sofi-
ware Testing, Myers suggests a self-
test 1o determine your test
effectiveness (his phrase). It
involves establishing a set of tests
for a wivial program that accepts
inputs to be used to predict
Whether the vabucs, i mumeric,

will describe the sides of an equi-
lateral, an isosceles, or a scalene
wingl. Presumaby e progrum
will also indicate if the input val-
s canno make  trangle ol
for some reason. A standard (cor-
rect or valid) input test case might
be to use the numbers 3, 4, and 5.
These numbers, represcnting the
lengths of the sides of a riangle,
would produce a right-angled sca-
lene triangle. Assuming the pro-

gram warks well for this input,
would it be bt o next xccure
a test for the number set 3, 5

Or how |hnur the number ser 4,
5,60r06,4,

s shown in the tble
here, the choices in this
case are becween chang-
ing only the order of the
inputs, only their values or
changing boch order and value ac
the same time. Is it “better” to
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FICO IYER, ONE OF THE WORLD'S FREMIER
prosestylists, has been following the

newly exiled Dalai Lama and brought
back.a picture of theshy 24-year oid for

everything including the photo and
bringing home to him the Buddhist idea
of the impermanence o lfe.
Pico first visited with the Dalai Lama
h

the Himalayas. After Tibet opened up
10 the world, Pico made three additional
trips there. In April 1988, Pico wrotea

‘major profile of the Dalai Lama for Tisre

andlater went to Tibet o report for us
omwhitthat peaceful scity wasging

FICO IVER, ONE OF THE WORLD'S FREMIER
prosestylists, has been following the

newlyexled Dals Lo and brought

backa pcturc ofthe shy a4year oldfor

s son. That it on it desk For
cher

se, wip wm
including the photo and
bringing home to him the Buddhist idea
of the impermanence oflfe.

Pico first visited with the Dalai Lama
when he was 17,in the sheltered setle-
‘ment of Dharamsala, in the foothills of
the Himalayas. After Tibet opened up
1o the world, Pico made three additional
trips there. In April 1988, Pico wrotea
‘major profile of the Dalai Lama for Trsie
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Tackling Tibet.
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andlater went to Tibet o report for us
on what that peaceful sociely was going

i ravel wriings know Picos curiosity Phetogapher his travel writings know, Pico' curiosity Phngrapher g
has led him to nearly ev er of the wsmoveily |y asled himtonearlyevery comner ofthe ooty |y psrra
globe, but he has always found himself heDaai1amas globe, but he has always found himself the Dalailama's resarch on
returning to the monk in Dharamsala, wwelome Fturming o the monk in Dharamedt, e of Tibetfor s
Hewroianaherlong piceon the Dl Soenodeand He wrote another long piece on the Dalai genlenaisand new book, Th
Lama for usin nasense, Pico has warmsmiles Lama for us n 1997,50n a sense, Pico has warmsmiles Open Road
been updating h\wvrnduvwnlhhrg been updating Trsi? readers on this fig
urcof ol fascnationvery 1oyca ure of global fascination every 10 years.
Now Pico offersthe definitive portra Now Pico offers the definitive portrait
muhummmmmwcm(omem of His Holiness in this week's cover tory,
ed from his new book, The ol 2 from his new book, The Olympics
i o y he Dalai L Dharamsala. H Open Road: o Beij DalailL Dharamsala. He was pe
alai Lama. "Over the years Pico | the Dal c by US. Secre teenth Dal “Overthe years”Pico | the Dalail 5. Secre
say tary of State Condoleezza Rice, China's rul Dalail say y St doleczza Rice, China'srul Dalai .
he'sadapted ers can show he's adapted erscan show cading f In his quict
e. He's thought dience. He's thought tensity,
about his positions more deeply and more hummnnght\ about his positions more deeply and more | human rights. and his relentless focus, he resembles the
rigorously than anyone I've ever met.” Lamais rigorously than anyone I've ever met.” p Lamais
Ourarticlecomesatatime whenthe | courtesyof another name familia o Tiste Tiwe

events in Tibet are making that land at the
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has transformed Tibet in recent years,
bringing material benefits o Tibetans but
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South Korea, 20 years ago. im, who has
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YearsinIraq

of the warincucing e var includng
. odcast,protos . odcasts.
The Iraq war has spelled the end for muscular moralism and graphics vist The Iraq war has spelled the end for muscular moralism and graphics vist
in U.S. foreign policy. Here’s what should replace it timescem/ired in U.S. foreign policy. Here’s what should replace it timescom/ieed
WHEN AMERICA INVADED 18AQ FIVE claimed that WHEN AMERICA INVADED 18AQ FIVE claimed that,
’ s South The | andour *The ’ South ‘The *The
; First, hattered both Onthe ; trered both Onthe
the U v left, Jimmy C: i D " the U left, ]\mmy( i P e i
i lose. F th his fe Rich Lowry calls " S th | his fe Rich Lowry calls “to hell with them”
Gulf Warto Afgh had i v Gulf Warto Afgh had i
liberty.— but not militari atves | il beenon liberty. but not militari atives | il
thelate 198os. Defea i thelat 9fs Defetin i )
Sboutasrlovant s theWarof b, usedin Vietnam, the US. would have i asthe Warof 812, usedin Vietnam, the US. would have Among Democrats, hawkishness is
out of fashion, but humani Sc:nnd.lhc policymakers. out of fashion, hm humam
rianism remain
na Foreign Afairsarticle last wanted the US. to win. Hadn't ina Foreign /\/ﬁws e st
; i duh summer,Obama argucd that
; hen th
the Soviets? Hadn't Afghans sociate Bush's freedom talk the Soviets? Hadn't Afghans
cheered the overthrow of the with* d f
Taliban? Swirlingin theair in . irin ibly imposed regime change”
2003 was an intoxicating blend His answer: help freedom’s
of militarism and moralism. march with money. notarms, of militarism and moralism. march with money. notarms,
US.troops would d Thatmakessenie ol US.troops would destroy. That makes sense. Moral.
‘Saddam, and Iragi gratitude Sadd. d ism and military force are
ldtake care of the both mmmy 0 US. o would take care of the rest. both necessary to U.S, for
Five years later, that combi eign policy, but the former Five years later, that combi eign policy, but the former
nation has blown apart_john shouldn't jon has bl Johi shouldn't ride the latter nto
MeCainisopen to borbing battle. The US, military can MeCainisopen to bombing battle. The US, military can
Iran, but he doesn't claim the help stop ethnic cleansing, as Iran, but he doesn't claim the help stop ethnic cleansing, s
Tranians will be thankful for it. K itdid in Bosnia and Kosovo,
Barack Obama wants to restore | orsafeguard the worlds
America's good name, but not 1 supplies,as it idin the butnot . upplic,as it didin the
with the 82nd Airborne. For first Gulf War, but it's h 1d Airbe K first Gulf War, but it's not
the most part, mili You can't do the t, i fou can't do
Inth the US. changed, h Inth the US. changed, h
gyears, . ing years, P |
" | roquires y |
Il\n itwon'ttry ludu both at the same time. strengthening parts of the US. o Butit won't try to do both at the same time. strengthening parts of the UsS. gov-
Inmany ways, thisis what happened | This g militarism ned

after Vietnam. Underlying that war were
North

| mrmwedm!he 19805 and 90s. Under
@

While
| ‘America's military patrolsthe world, U5

In many ways, thisis what happs
after Vietnam. Underlying that war were
North

ernment

&
| narrowed in the 1980s and os. Under
Ronald

While
Americas military patrolsthe world, U

@

US.military barbed wire, disconnected from the soci s.military bart ed from the soc
| values. p andhelp. | valuesas they saw democracy spread in mmnc, e 0 undersandand bl
the'Third World the Third World linton,

ilitarists and (1at, b | ilitarists and . e backmem | it

now occupy separate
camps. America
still try to export its
values, and it may well
use military force. But
it won’t try to do both at
the same time

2

nary rate” says EMI' Hands. Keen to keep
it alive, he is mulling changes to the way
EMIs artists are rewarded. Out could
generous advances for some artists—an
excuse for us 1o lose more;” he calls such
payments nstead. some expect him (o ex.
periment with salaries or even day rates for
artists clistered in the studio.

‘Would artists buy this kind of shift?
Jon Webste ondon

| Bosnia and Kosovo.
Today, h

it Muscalar moralism has hd it day.

's the zosallover acan
again. i that ki
| force—oratleast
stand. But you don't hear many conserva- |
Sfellow at

| of Bush I 1,in which he

Tisae colummist B
the C "
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since 2004, However, that's not exactly the
fortissimoit may appcartobe. The 8% an
nual growth in styearwas
less than half the increase . 006,
Music companics, says !urllu)h')g.m’h‘s
Mulligan, “are at a stage where they can
notafford t0be aschoosy as before” when
it comesto distributing their wares
That means easing restsict
be used, and on what

based Music Managers Forum, is not so
sure. Far from spoiling musicians, he

most personal advances are to eep
people alive.” Squeezing out an albun is
an unpredicabl it and regularpay
checks might strike some artist

cators

nd of devices. You'llsill nced a whizz
Apple gadget 10 hear most of the music
available from iTunes, but Amazon last
September began selling tracksin the US,
in a format compatible with most digital
‘music players. its catalogue of 3 million

wlcome reminder 10 hurry up. songs._culled romall four maors—will
a thisyear;
bter ays The creaive pocess Buropean music fans unabl to wat can

ook
Gocamowon et
Too often, it doesn't produce moncy
spinning discs, either. More mature mu
sic fns might ill pay up for  CD; some
2 million people outside Nor
ought las fal's Long Road out o Eden, for
1 studioslbum rom he

hasdeiven down the et priceafompact
discs. Theonly U. Eagles

from this month download such unre
stricted tracks by Warner Music and EMI
artists from 7digital.a UK. musicsite.

To case the pressure on their revenues,
recondcompanics may paradosiclly have
0 offer more for free. Today’s music co
sumersshell ut humln‘sh of dollars on

1P pl spendanaverageal
just 3208 year on downloads. To the

€D was Wal Mart,for the bargain price of
S0188. Theaverage price ofa CD in Europe
dropped by 1% between 2003 and 2006,ac
cording to PricewaterhouseCoopers. One
way to maintain price levels is 1o offer
deluse products that pair a standard €D
with a fancy book, live recording or v,
mdmhudm.und that out: aside from its
aywhat you want download offer. the
Tand Nogaed a specaledition bax et of

‘What we are saying to
artists is: The current
model is broken. Unless
we find a new model, new
musi d

In Rainbows for $80 a piece. And a repack
aged., "deluxe” version of Back To Black,
bundling Winchouse's 2006 album with
bonus tracks, shot 10 the top of Britain’s
album charts just this month.

inging more out of plastic discs

outdated as picking up a newspaper. But
companiescan getsomethingin return for
giving them music. Advertising supported
Tast.m pay

the major record companies from ad rev
enue; in return, their users can stream
the companies’ music for nothing. Suc
outlets offer record companies the chance
o build a relationship with younger fans
in the hope those users will later migrate
to more lucrative products such as music
pvos. Cell phone users can also expect to
et months of free access 10 a catalogue of
songs. Nokia will launch its Comes With
Music service later this year, reimbursing
artists and theirlabels from expected new
sales of its music compatible phones; a
Korean

free music services such as

Realigning the Stars.

Rocord labels shuddered as some 40°% of

Tour promoter Live Nation gots a slice

giant LG, will come out in the summer
The first record company tooffer its music
for both these services? Universal, led by
the once skeptical Morris.

Tnnovation like that could also help
1o strangle music piracy: some 20 billion
files were downloaded illegally in 2006,
The music business has called on Internet

won't
panies’ futures, though. More pressing
thereed osharpenstategis or e i
wal

Service which host that
traffic, to do more to choke it off, and an
agreement was reached in France late

wrnon ludrplﬂ :DougMorrs the m-ui
Universal M la play.
ereasTitlemore than- npm\lnm\ i
len music.” But last year those companies

last a p larg
copyright infringers. But to shake off its
blues, the record business must itself con
inuc to break old habit, Saing yos to
rehab is a start, but returning o health is

sales as part of a $120 million doal.
A5 CD sales shrink, rocord labels hoy
similar arrangements will fil the shortfal

Wabilphanes accounted fo lmost
it of al dgtal musc saos i o frst
months of 2007. Now

TIvE March 3, 20
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nost personal advances are to keep
;\u»pl e queczing oul an albur i
an vnpredicabi i, and regular pay
ummmnumn some artists
welcome reminder o hurty up “Creators
rarelywant

sure

kind of devices. You'll still need a whizzy
Apple gadget 10 hear most of the music
available from iTunes, but Amazon last
September began selling tracksin the US,
in a format compatible with most digital
music players. its catalogue of 3 million
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€D was Wal Mart,for the bargain price of
S0188. Theaverage price ofa CD in Europe
dropped by 1% between 2003 and 2006,ac
10 PricewaterhouseCoopers. One
way to maintain price levels is o offer
delie producs tha plr 3 standard CD

with a fancy book cording or by,
Radiohead hgured that out sside from s
pay what you want download offer. the
Tan fogaed a specaledition bax et of

‘What we are saying to
artists is: The current
model is broken. Unless
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In Rainbows for $80 a piece. And a repack
aged, “deluxe” version of Back To Black,
bundling Winchouse's 2006 album with
bonus tracks, shot 1o the top of Britain’
album charts ust this month.

inging more out of plastic discs
won't com
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companiescan getsomethingin return for
giving them music. Advertising supported
free music scrvices such as Last.fm pay
the major record companies from ad rev
enue; in return, their users can stream
the companies’ music for nothing. Such
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in the hope those us later migrate
to more Iu(mm( products such as st
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w mxm\h\ of free access o a catalogue of
h

s year, reimbursing
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The Jihadi Next Door.

BY ARYN BAKER

tureswhoexistuteidenormal paternsof
“he

Public anemy Sheikisbrothercalld him
Kindest, mostgentle

“alQaeda Central” (made up of those who
have sworn an oath of loyalty to Osama
bin Laden) but al-Qaeda the informal net
work, mobilizing radicalized Islamists
around the world without any contact
with bin Laden atall.

AlQaeda Central, says Sageman. s on
the wane, its leaders dead or on the run
andincreasingly isolated. It i the informal

1 Qaeda—bornaftertheattackson Sept. 11
and exploding into raging adolescer
terthe US. invasion of raq in 2003 —that
is the real threat, waging the “leaderless
jihad” of the books title chapter.

Poverty and lack of opportunity are not
necessarily th

themselves for the sake of building a bet
ageman explains, “and this
givesmeaning totheir ives” They arealso
younger and less visible, blending in with
the Western societies they grew upin.
Because of security crackdowns, they
are unable to reach out 10 al-Qaeda’s origt
nal leadership. but they can access jihadi
Internet forums for guidance and bomb

was the kind of guy you
could have taken home to
Mom. Smart and friendly,

e also, in
he name of the Islamist
cause, gleefully threatencd 3 hostage
with decapitation in 1994. That hostage

 Danny bear the WalStre

survived, bu

v
Mok e hevaciom
take orders and are rarely willing 1o sacri
Fsheie e o g ol Moy e

ingsof 2004, which killed 19t commuters,
are an example of an atrocity committ
by such young men. The attacks were an
“offeringtoal-Qaeda Central leaders for

rorists, on the other hand.
with ordinary, Law-abiding people: hey
can be coaperative, goal-oriented and in
telligent,even femotionally wrought.OF
ten the start of their radicalization can be
traced toascrupulous moral outrage—not
anirrational hatred or base prejudice.
ical Muslims become bombers

Journal Fakistan

Sheikh is charged with le:\aypmg in
Jamuary 2002, did not. The video of Pearl’s
beheading can still be found on the Inter
net (though the identity of the actual knife
wielder remains unknown). How docs
someoneike Shekh_ e indest most

i Lesdors . the Icat book by the
author of 2004 Understanding Terror Net

ek frensicprychatris MatcSgeman
al pro-

book, Leadertess Jihad discredits conven:
tonalwisdor sboutteorssby sche
ing anecdotes and conjecture in favor
ard data and statistis. And satstically
the enemy is us.

Ttiseasy loview terroristsasalien crea

TE March 51 zo0

Palest

terrorism.” Sageman writes.
“The solution to Islamic terrorism, as
the author sees it is genuine peace in the
Palestinian territories and an immediate
US withdrawal rom s, depiving
hadisof their ability to wage a moral w
B American so
dier .. will trump any goodwill policy
the United States attempts to carry out in

presence of even one

. he Heal

ian land, the USS. i come.
tobe per fa wholesale war
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Kindest, mostgentl person you could meet

“al-Qaeda Central” (made up of those who
have sworn an oath of loyalty to Osama
binLadenbutal-Qued henformal et
work, m adicalized Islamists
Sround the world without any contact
with bin Laden atall.
AlQaeda Central,sa
the wane, s leadrs dead o on the rn
andincreasingly isolated. It i the informal
al Qaeda—bornaftertheattacksonSept. 11
and exploding into raging adolescence af
terthe US. invasion of Iraq in 2003 —that
is the real threat, waging the “leaderless
jihad” of the books title chapter.
Povertyandlack of opportunity are not
necessarily the factors that drive young
men to commit violence in al-Qaeda’s
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7 Conclusao

Observamos comportamentos diferentes na classificagdo de paragrafos e titulos. A quantidade
de imagens demonstrou-se menos relevante na classificacao paragrafos do que na classificacao de
titulos. Isto se deve a maior quantidade de exemplos por pagina de texto de paragrafo do que
de titulos.

O tamanho da janela é o fator mais sensivel, tanto para a qualidade quanto para o tempo
de processamento. Janelas maiores porém esparsas apresentaram os melhores resultados, sendo
o melhor deles observado para janelas 9x9 esparsas, atingindo F-measure de 0,96 para CACM e
0,93 para a TIME.

Porém nem sempre a maior janela produz o melhor resultado. As janelas 11x11 desempenha-
ram pior que as 9x9. Quanto maior a janela, mais exemplos sdo necessarios. Podemos ver que
em janelas maiores o tamanho do conjunto de treinamento possui maior influéncia na qualidade.
Com janelas até 5x5 a quantidade de exemplos quase nao altera a qualidade ou até piora.

Exemplos ruins também podem comprometer a qualidade do operador. Fontes muito pareci-
das para titulos e outros tipos de texto podem fornecer exemplos contraditérios, ou seja, hora um
certo padrao consta como titulo hora ndo. Podemos ver um exemplo deste fendémeno na imagem
23 onde o texto a direita foi classificado como titulo por possuir caracteristicas de titulo. Parte
do motivo por este problema ocorrer é decorrente da decisao de testarmos apenas dois tipos de
regiao (paragrafo e titulo). Possivelmente, caso tivéssemos classificados outros tipos de texto,
poderiamos obter resultados melhores na etapa de consensualizagao.

Uma outra possivel melhoria seria trabalhar com imagens redimensionadas (reduzidas), fa-
zendo com que os titulos ficassem menores, cabendo melhor dentro das janelas utilizadas.

Nao pudemos testar janelas maiores que 11x11 pois o tempo de processamento cresce muito
rapidamente tornando o processo muito custoso.

A comparacao com outros métodos foi comprometida pela escolha das regides a serem seg-
mentadas. No artigo [8] vemos os resultados dos principais métodos para textos em geral e
nao parégrafos e titulos separadamente. Um outro problema é o método para avaliacdo, que
utiliza poligono isotéticos, como proposto no artigo |7]. Teriamos que realizar algum tipo de
transformacao que definiria poligonos em torno dos pixeis de uma certa regido, assim como fez
o método descrito em [9].

Acreditamos que o método proposto pode ser empregado na extracao de texto de documentos.
Porém, diversos ajustes de otimizagao seriam necessarios para criar uma ferramenta utilizavel
em situacoes praticas. O treinamento dos operadores é muito lento e aplicacao também.

8 Apéndice

8.1 Algoritmo de Otsu para binarizacao

Implementar e avaliar cada algoritmo binarizador vai além do escopo deste trabalho, portanto
escolhemos um bom algoritmo segundo os resultados obtidos em [10]. Como o proprio artigo
aponta, nao foi encontrado um método que apresentasse desempenho superior em todas os
cenarios de teste realizados.

Os requisitos para a escolha foram o da independéncia de supervisionamento e parametri-
zacao. Caso o algoritmo demandasse ajustes especificos de acordo com a imagem, o seu uso
comprometeria a promissa de automatizagao. Dentre a lista de solugdes com esta caracteristica,
escolhemos o algoritmo de Otsu [11], por ser de facil implementacao e apresentar resultados
satisfatorios nos experimentos realizados.

O algoritmo de Otsu encontra um nivel de cinza t tal que a soma ponderada da varidncia
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dentro das classes F = {x: f(z) > t} (foreground) e B = {z: f(z) < t} (background) seja
minimizada, ou seja,

t = argmin{wgos + wpoz} (8)
B |F|

_ - 0 08 HESOS TS : 2
onde wp = [B] © Wf = [f] S0 08 Pesos respectivamente do background e foreground e of e

aﬂ% sao as variancias das classes.
A tabela 31 apresenta um passo a passo do algoritmo aplicado a figura 30.

Tabela 30: Imagem original em escala de cinza e correspondente binarizada com t = 50%.

Como podemos notar, para t = 50% atingimos o menor valor de 02, ~ 512693389. Neste
caso o limiar coincide com o tnico vale no histograma, porém isto nem sempre serd valido.
Algumas imagens nao possuem vales bem definidos. Este algoritmo néo se baseia no formato do
histograma mas sim na coesao intra classe e na separabilidade das classes.

Uma desvantagem de utilizar este algoritmo é a influéncia da média de todo os pixeis da
imagem. Isto pode fazer com que o limiar 6timo para a pagina toda nao seja o mesmo que o de
dentro de uma janela.

8.2 Implementagao

Todos os experimentos foram realizados utilizando scripts ruby e python para automatizar a
tarefa. Também utilizamos a biblioteca ImageMagick e bibliotecas para manipulagao de XML.
O processo todo consistiu em baixar a base de dados do PRImA, processé-las gerando as
entradas para o TRIOS, construir os operadores, aplicé-los, consensualizar e extrair métricas.
Este trabalho tem como objetivo provar um conceito: avaliar a aplicabilidade de operado-
res morfolégicos & segmentagdo de pagina. Logo o coédigo gerado nao é destino a aplicagoes
comerciais.

e sample generator.rb produz todos os conjuntos de imagens para treinamento e teste, ou
seja, ele transforma todas as imagens e XMLs da base de dados original em entradas
apropriadas para as ferramentas que utilizamos.
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Tabela 31: Estagios da execugao do algoritmo de Otsu.

original 25% 37.5% 50% 62,5% 75% 87,5%

H » H HHH N

Lo i e e e (e

0.1931 0.4015 0.4179 0.4532 0.5479 0.6969
UB 34.00 01.64 53.61 61.37 83.08 112.56
U]% 7.27 288.58 372.94 1054.08 3128.03 5656.37
WR 0.80 0.59 0.58 0.54 0.45 0.30
UF 184.87 225.95 229.03 233.95 243.79 255.0
o2 5799.89 1409.01 1006.11 673.10 255.43 0.0

o2 21495165144 967521582 512693389 595067475 4269882800 17660993341

imgset training gen.rb gera e aplica todos os 200 operadores utilizados nos experimentos.
Utiliza os executéveis trios _build e trios_apply fornecidos pelo TRIOS.

e measures.py extrai todas as estatisticas apresentadas na secao 6.
e consensus.py faz a uniao das segmentacoes realizadas pelo apply all.rb

e merge.py cria imagens segmentadas coloridas para visualizagao.
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