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Abstract

Many halftoning algorithms have beenproposedto simulate the original continuous tone imagesas

closely as possible. Most of these techniques are designedto preserve particular image attributes.

This thesis proposesa new generalizedhalftoning technique based on preserving artifacts in the

image that have been predetermined by the user to be important . This new technique allows for

both diversity in specifying the important attributes and control over local placement of ink. The


exibilit y of this technique allows for the creation of many di�eren t results. This thesis does not

addresswhat image attributes are important or how to display them, rather it intro ducesa new

technique called importance driven halftoning. Results obtained by varying the parameters of this

new technique will be illustrated and comparedwith traditional halftoning results, limited resource

renderingsand non-photorealistic rendering results.
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Chapter 1

In tro duction

As graphical user interfaces becomean integral part of everyday interaction with computers, the

abilit y to display imageson a variety of deviceswith varying limitations is essential. Images are

becominga popular medium for the e�cien t communication of information. The typical userexpects

the display of imagesto be transparent to the hardware on which the image is displayed.

While advancesin technology allow monitors to display an increasingnumber of colorsat increas-

ing resolutions, the processof reducing or compressingimage information or reducing the demand

for band width is continually useful in multi-media applications. A signi�cant amount of computer

graphics and image processingresearch addressesthe problem of displaying imageson deviceswith

limited capabilities. This meansthat often someof the image information is lost or unable to be

displayed. Thesehardware limitations are perhapsmore prominent in the printing industry. Often

in color printing, an image with a continuous color spectrum must be printed using four colors of

ink on white paper. Continuous grey-scaleimagesoften must be printed using one tone, black, on

white paper.

In order to create the illusion of more tones than are actually available using the given display

hardware the image must �rst be converted from a continuous tone image into an image composed

of a discrete number of tones. This is typically done by digitizing the image. A digitized image is

constructed from a regular grid of dots or pixels that are assignednumerical values. An 8 bit image

containing 256 tones of grey can contain pixels with valuesranging between0 and 2551. Halftoning

is the processof converting a grey-scaleimage into an image composed of two tones; white and

black. There are two questionsthat must be addressedin order to designa halftoning technique. In

a 2D image:

� How many pixels should have the value 0 (white) and how many should have the value 1

(black)?

� Where should thesebinary pixels be placedor how should they be arrangedwithin the image?

1 In this thesis 0 represents white and 255 or 1 represents black
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1.1 Overview of Halftoning

The problem of portraying the illusion of continuous tone imagesusing a discrete number of tones

has beenaround since the early 1600's. This has beena challengeamong many artists involved in

an art-form called mezzotint [Ulic87]. The origin of the word halftone comesfrom the Italian word

mezzotint describing a processthat can be closely paralleled with the modern halftoning technique

of random ordered dither. Artists randomly scratched an area of copper plating to create wells to

hold ink. By varying the density of these scratches the artist is able to vary the amount of ink

deposited on the copper plate and thus control the tone in this region. This technique was usedto

create the illusion of continuous tone imagesusing copper plates and a single tone of ink during the

17th and 18th centuries.

Modern halftoning to date, has been primarily concernedwith creation of two toned images

that look as much like the original grey-scaleimage as possible (photorealistic halftoning2). The

halftoning processtakes advantage of the human eye's abilit y to spatially integrate or the eye's

inabilit y to view high frequency individual tones. This means that an image with half black and

half white pixels evenly interspersed can create the illusion of mid-tone grey (50% black) image.

Halftoning research has loosely identi�ed goals that must be achieved in order to produce a two-

tone photorealistic halftoned image. Thesegoals include:

1. Creating the illusion of the samenumber of grey-scaleintensities in the original image as in

the halftoned image.

2. Ensuring the halftoned image does not contain artifacts3 that are not found in the original

image.

3. Ensuring the halftoned image doescontain the details that are found in the original image.

The goal during the development of initial halftoning techniques was to achieve accurate grey-

scalereproduction. This requires creating a halftoned image that inducesthe illusion of containing

the same number of absolute tones as the number of grey-scaleintensities found in the original

image. There are two classesof halftoning methods with this goal: threshold matrix methods and

error di�usion methods.

Threshold matrix methods [Ulic87] approximate a grey-scaleintensity in the original image by

someprede�ned arrangement of pixels. This arrangement, namely the number of pixels to be set and

the position of the pixels, is de�ned by the matrix known asa dither or threshold matrix. There are

two typesof dither matrices usedin threshold matrix halftoning: clusteredand dispersed. Clustered

dither matrices (see�gure 1.1(b)) grow the arrangement of black pixels from the center of the matrix

outwards as the intensity becomesdarker. Disperseddither matrices (see �gure 1.1(c)) set pixels

2For the purp oses of this thesis, photorealistic halftone is de�ned as a halftoned image that appears as visually
similar to the original contin uous tone grey-scale image as possible

3For the purp osesof this thesis, artifacts are de�ned as unwanted high frequency image information
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Figure 1.1: (a) Original Image; (b) Clustered Threshold Matrix with the 4x4 threshold matrix on the
left; (c) DispersedThreshold Matrix with the 4x4 threshold matrix on the left; (d) Floyd-Steinberg's
Error Di�usion using the error matrix on the left.

apart from each other as the intensity becomesdarker, so as to not form clusters. Threshold matrix

halftoning methods are simple and e�cien t. They do however, typically causebanding4 (see�gure

1.1(b) and (c)) to occur in the halftoned image since the threshold matrix can only approximate

a limited and discrete number of grey-scaleintensities. This can be corrected by increasing the

sizeof the threshold matrix. However, increasingthe sizeof the matrix causesthe regular artifacts

intro duced by the tiling of the dither matrix to becomelarger and hencemore obvious.

Error di�usion methods [Floy76, Ulic87] threshold a single pixel and set it to black or white in

the halftoned image. The error betweenthe pixel in the original grey-scaleimageand the pixel in the

halftoned image is calculated and distributed to neighboring pixels along somepredetermined path

through the image. This error distribution can also be done over groups of pixels or regionsinstead

of single pixels. The next pixel or region along the path is then thresholded basednot only on the

intensity of the region in the original image but also on the error that has been passedto it from

neighboring regions. Error di�usion methods tend to intro duce artifacts into the halftoned image

(see�gure 1.1(d)) due to the sequential, predetermined path of di�usion. However, this technique

also eliminates the banding e�ect seenwhen using threshold matrix halftoning methods.

Hybrid halftoning methods incorporate the e�ciency of threshold matrix methods with the ad-

vantages of error di�usion methods. One example of this is varying the threshold used in error

di�usion according to somethreshold matrix [Bill83] or over somerange (i.e. white noise) [Ulic87].

A secondexampleis locally thresholding the pixels accordingto a threshold matrix, but distributing

error accumulated over the threshold matrix from one matrix region to another [Bill83]. Thesehy-

brid methods tend to reducethe intro duction of artifacts that are commonto both threshold matrix
4The appearance of regular, usually false contours

3



and error di�usion halftoning methods.

All the above mentioned methods achieve reasonableresults in approximating grey-scaleinten-

sities, however thesemethods sometimesintro duce artifacts or destroy image details, such as edges.

More recent work in halftoning has focusedon the preservation of edgesin addition to grey-scale

intensity reproduction. Edgesare important image attributes that should be preserved throughout

the halftoning process.There have beenthree classesof techniquesdeveloped that attempt to satisfy

thesegoals. The �rst classpre-processesthe original image to enhanceedgesin order to help their

preservation through the halftoning process. The secondclass alters the halftoning technique to

avoid destroying edgesduring halftoning. The third class post-processesthe halftoned image to

enhanceedgesafter halftoning.

As more is learnedabout how humansperceive imagesand what imageattributes are important

there may be a desire to ensure the preservation of other important image attributes throughout

the halftoning process.There may also be a needto re-order their importance. Current halftoning

techniques are designedand tailored to achieve very speci�c goals and are thus hard to adapt to

ensurethe preservation of other important image features.

1.2 Motiv ation

A virtually instantaneous perception of the image is formed upon viewing the image, however the

longer the imageis viewed, the more the perception of the imagedevelops. The human eye is known

[Snyd85a] to work asa multi-resolution �lter. Thus, oncethis initial impressionof the imageis formed

the eye then focusesat varying levels of detail on various attributes of the image. A complete set of

rules that de�ne the order of imageattribute importancehavenot yet beenidenti�ed. However, since

the human perceptual system works at multiple resolutions it is productive to design or construct

imageswith this notion in mind. Thus, not only must important imageattributes be identi�ed, but

it must also be known at what resolution these attributes becomeimportant and the preservation

of these attributes at the necessaryresolutions must be ensured. For example, grey-scaleintensity

changesseemto be noticeable even at low resolutions (on a global scale),where as edgesand high

frequency information alterations seemonly noticeable at someof the higher resolutions (on a local

scale). The author is not aware of a halftoning technique that allows the user to specify a general

importance function in order to identify important attributes of the image and usethis information

at multiple resolutions for the halftoning of local and global image attributes.

Limited resourcerendering is another well-studied problem in computer graphics. Limiting the

quantit y of information in the image and hence reducing or \compressing" the size of the image

is useful for transporting image information faster, while using lessbandwidth. This e�ciency is

necessaryfor use in multi-media applications. Halftoning already reducesthe number of resources

neededfor the display of an imageby reducing the number of intensities in the image. The required

resourcescan be further reduced by decreasingthe number of display primitiv es (black pixels) in
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the image. The abilit y to easily adjust the quantit y of display primitiv es used in the halftoned

imagecan be very bene�cial to the printing industry. Not only can it reducecostsof printed images

by reducing the amount of toner used, but it can perhaps assist the quality of the imagesduring

various moments in the toner cartridge's life span. For example, with laser printers there is often

bleeding of ink between pixels commonly known as dot gain. This is more prominent when a new

toner cartridge is used. Due to dot gain, dark regions becomemuch darker than desired, at the

expenseof clarit y and preservation of detail. Reducing the amount of ink while retaining relative

intensity can correct this problem. This technique can also be useful for the construction of draft

copiesof documents, when high quality is not neededand resourcessuch as ink and printing time

are limited. A halftoning technique that easily adjusts the placement of ink dependent on the

number of display primitiv esmay be very useful for creating imageswith lessresources.Currently ,

traditional halftoning techniques do not provide an easy method to limit the number of required

display primitiv es.

Finally, it may be desirable to preserve intensity approximation, yet usevarious local e�ects to

create theseintensities. This altering of the local arrangement of ink in line segments or textures is

quite commonly usedin the creation of non-photorealistic renderings. The balancebetweentexture

and tone is achieved by retaining the global distribution of display primitiv es,but altering the local

distribution of ink within the display primitiv e. For instance, individual pixels can be clustered to

form circular regions,or clustered to form line segments. Thus, being able to control the structure

of display primitiv es throughout the halftoning processcan lead to control over image texture or

style. Variations in style can lead to the creation of results that range from photorealistic to non-

photorealistic.

This thesispresents a generalizedhalftoning technique that can distribute a user-de�ned number

of display primitiv es at multiple-resolutions according to a prede�ned importance function. Once

the speci�ed number of display primitiv eshave beendistributed the local position of ink is de�ned

by the structure of the chosen type of display primitiv e. This technique will be shown to create

e�ects such as traditional halftoning and non-photorealistic rendering.

1.3 Scope of Thesis

This thesis formulates a new generalizedhalftoning technique to achieve the following goals:

1. Allow the userto specify any importance function or combination of importance functions that

identify important image attributes at varying resolutions.

2. Allow the userto have control over the number of display primitiv esand ultimately the amount

of ink that is usedin the halftoned image.

3. Allow the user to control the local position or structure of ink by altering the type of display

primitiv e usedin the halftoned image.
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This technique assumesthat the user has de�ned the important image attributes as a function

F(x,y). The importance function will be used as a black box de�ned by the user. This thesis

will not be concernedwith how to best render a given image attribute and thus, will not attempt

to identify which type of display primitiv es should be used for the rendering of di�eren t image

attributes. Rather it will illustrate how the type of display primitiv es and their position can be

controlled to highlight di�eren t imageattributes. This thesis is primarily concernedwith the design

of a generalizedhalftoning technique that will allow the user to specify various typesand quantities

of display primitiv es as well as various importance functions. This generalizedtechnique is loosely

de�ned by addressingthe following three questions:

1. How many display primitiv esare to be usedin the halftoned representation of the image?

2. How doesthe importance function a�ect the distribution of the display primitiv es?

3. What a�ect doesdi�eren t display primitiv eshave on �ne local placement of ink?

The three usercontrolled parametersof this halftoning technique form the answersto thesequestions

which in turn form the solution to the two halftoning sub-problems,as outlined at the beginning

of this chapter. The number of display primitiv es used and where they are placed are indirectly

controlled by the user, but ultimately de�ned through the generalizedhalftoning technique.

In order to allow the importance function to be de�ned and evaluated at multiple resolutions,

a pyramidal representation [Will83 ] of the image is used. This representation will allow for the

approximation of both global and local ink distribution. In this manner, relative approximations

can be retained in order to satisfy our visual systemsensitivities and yet the local position of ink can

be adjusted in order to satisfy both the visual systemand display medium requirements. Controlling

the local placement of ink enablesthe preservation of global image information while still allowing

for the creation of non-photorealistic and limited resourcerenderingse�ects.

This thesis will present the necessarybackground neededto provide the motivation and under-

standing for this new importancedrivenhalftoning technique. Speci�cally , a comprehensiveoverview

of halftoning techniques, an overview of the basicsof the human visual system and an overview of

non-photorealistic rendering (NPR) techniquesare presented. The details of the importance driven

halftoning method and its associated parameters are presented and various results are shown. Fi-

nally, theseresults will be comparedwith other traditional halftoning and NPR results.

1.4 Analysis of Results

The results of importance driven halftoning will be comparedwith both traditional halftoning and

NPR results. The comparisonwill be donein two ways: visual comparisonand quantitativ e metrics.

The visual comparisonwill be done by presenting similar results and analyzing speci�c components

of the images. Ulichney's [Ulic87] metrics of power spectrum and anisotropy will be usedas the �rst
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quantitativ e measurefor assessingfrequency distributions and symmetry throughout the halftoned

image. A multi-scale edgemetric proposedby Veryovka et al [Very98] will alsobe usedto assessthe

preservation of edgesor intro duction of falseedges.The evaluation of importance driven halftoning

non-photorealistic results will be done by visually comparing NPR imageswith importance driven

halftoning renderedimages,asthere doesnot currently exist a quantitativ emeasurefor such analysis.

1.5 Summary and Direction of Thesis

This chapter presented a brief overview of halftoning leading to a description of the motivation for

importance driven halftoning. The scope of the thesis was outlined and the method for evaluating

importance driven halftoning is given. Chapter two reviewsthe background literature on halftoning,

intro duces the basics of non-photorealistic rendering techniques, and overviews the basics of the

constraints and capabilities of the human visual system. Chapter three describesa detailed formu-

lation of what must be achieved to provide a solution for the halftoning problem and describes the

details of the importance driven halftoning technique. Chapter four discussesthe results obtained

by using importance driven halftoning with varying parameter values. Results similar to traditional

halftoning techniques,NPR, and limited resourcerendering results are created using this new tech-

nique. Chapter �v e presents the evaluation of the importance driven halftoning technique as well

as the visual and quantitativ e evaluation of this technique's results by comparing theseresults with

results of other rendering techniques (both halftoning and pen-and-ink illustrations). Chapter six

summarizesthe objectives,details, and results of importance driven halftoning as well as discusses

future extensionsto this technique.

7



Chapter 2

Background and Related
Information

Halftoning is a necessarystep for the display of continuous tone imageson binary devices.The goal

of this processis to achieve, as stated by Ulichney, \the illusion of continuous-tone images from

a judicious arrangement of binary picture elements". This processrelies on the properties of the

human visual system for the creation of photorealistic halftoned and non-photorealistic halftoned

images.1 The human eye works asa �lter that spatially integratesover a small areaand thus hasthe

inabilit y to distinguish �ne details at increasingdistances. This meansthat an area of interspersed

black and white pixels will be interpreted as a grey tone. There are other properties of the human

visual systemthat canbe utilized in conjunction with attributes of continuoustone grey-scaleimages

to help guide or induce a certain illusion or interpretation of the image. The �rst section of this

chapter will outline the basicsof the human visual system and how it can be used in conjunction

with halftoning.

Halftoning, aswith any processthat projects a continuousscaleonto a binary scale,hasan obvi-

ous lossof information. The original objective of halftoning wasto absorbthis lossof information by

using the properties of the human visual systemto create the illusion of continuous tone and hence

create a photorealistic halftoned image. A secondand more recent objective is to usehalftoning to

purposely intro duce artifacts into the image. This involves altering or adding information to the

halftoned image for the production of special e�ects. Thesespecial e�ects include simple highlights

of image attributes or artistic, texture e�ects. The secondsection of this chapter will give a com-

prehensive overview of traditional halftoning techniquesand somemethods for assessingthe results

of these techniques. The third section of this chapter will outline the necessarybackground infor-

mation on non-photorealistic rendering techniquesapplicable to halftoning. Finally, background on

multi-resolution imagerepresentations and an outline of importance driven halftoning are presented

1For the purp osesof this thesis a photorealistic halftone is de�ned as a halftoned image that appears as visually
similar to the original contin uous tone grey-scale image as possible and a non-photorealistic halftone is de�ned
as a halftoned image is similar to the original contin uous grey-scale image, but will have added artifacts and texture
e�ects.
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in this chapter.

2.1 Perceptual Basics

The overall objective of halftoning is to construct imagesthat inducecertain interpretations or visual

impressions.Once the image is constructed, the human visual systemis usedto view the imageand

form this interpretation. In order to successfullyachieve the illusion of identical appearancesor

alternativ ely the appearanceof special e�ects there is a needto both understand and utilize someof

the basic components of the human visual systemin order to in
uence the perception of the image.

The human visual system is a vast, complex, and not completely understood component of the

human body. Somehalftoning methods have been basedon visual or perceptual models ([Mull92 ,

Kolp92, Papp92, Chu92, Hilg94]). However, there is no currently accepted, complete and simple

visual or perceptual model. Thus, thesehalftoning methods usevarious perceptual models and are

quite complex. The human visual system has beenloosely divided by Snyder [Snyd85a]) into three

segments: the physical eye, the neural pathways that connectthe eye to the brain, and the portion of

the brain responsible for vision coordination (i.e. the visual cortex). Current research has revealed

a lot of information about the physical eye, lessabout the activities of the neural pathways, and

very little about the activities in the visual center of the brain.

Halftoning has used attributes of the human visual system in order to achieve its objectives.

These attributes are known responsesof the physical eye and the neural pathways. A few of the

commonly acceptedcharacteristicsof the human visual systemthat areusedin both imageprocessing

and graphics are:

1. The human visual system'sabilit y to spatially integrate at certain spatial frequencies.

2. The human visual system'sabilit y to act as a multi-resolution passband�lter.

3. The human visual system's dependenceon background illumination for the perception of in-

tensity.

4. The human visual system'spreferencetoward certain visual organizations.

In this section details about thesethree characteristics will be presented. As well an outline will be

presented of how the human visual systemperceivessomecommonattributes of images,particularly

attributes common in continuous grey-scaleimages.

2.1.1 Characteristics of the Human Visual System

Many attributes of the human visual system can be used in halftoning techniques. Attributes that

traditional halftoning techniquesutilize involveboth how the human eyeoperatesand how the human

visual system forms interpretations of imagesand image attributes. This section will discusshow

the human visual systemspatially integrates at certain spatial frequencies,how the visual systemis
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Figure 2.1: Viewed up closethe image appearsas an arrangement similar to the image on the left.
Viewed at a distance and thus, higher spatial frequency the eye performs spatial integration over
the region to have the image interpreted as the imageon the right (a mid tone of grey - 50 % black)

able to focus at multiple resolutions for the perception of di�eren t levels of detail, how contrast is

interpreted and how visual organization a�ects the interpretation of visual clarit y.

Spatial In tegration

The human eye doesnot have the abilit y to distinguish small featureswith high spatial frequencies

at increasing distances. Thus, as viewing distance increasesthe spatial frequency increases. At

a certain threshold the eye ceasesto seethe individual features and approximates the region by

averaging the features of that region together[Fole90]. If an area of equally interspersedblack and

white pixels is viewed at a distance, the eye will spatially integrate over this region to perceive a

region of mid-tone grey (see�gure 2.1). The viewing distance only has to be large enoughso that

spatial frequenciesof the featuresreaches3 cycles/degree[Snyd85a]. Below this frequencythe visual

system is lesse�cien t in integrating over the area and individual features are detected.

Multi-Resolution Filter

The human visual system[Snyd85a] behavesasa Fourier analyzer in the spatial domain. This means

it has the abilit y to perform multi-resolution �ltering in order to focus on varying levels of detail.

For example, the visual system may form an initial interpretation of an image, but upon further

examination �ner details of the image are noticed. This is simply becausethe initial interpretation

was formed from a �ltered, low resolution version of the image and the �ner details were later

observed from higher resolution versionsof a particular image area.

Relativ e Con trast or Perceiv ed Brigh tness

Gonzalezand Woods[Gonz92] statesthat the perceivedbrightnessof a region is not simply a function

of intensity. The perceived foreground brightnessalso relies heavily on the background illumination

or intensity. This is illustrated in �gure 2.3. Thus, the perceived intensity really dependson relative

contrast. If this contrast is small enough there will be no perceived di�erence. The threshold

where the contrast is not discernible is de�ned by the weber ratio (see�gure 2.2). This was devised

using a human subject with the initial background illumination set to I and the di�erence in intensity
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Figure 2.2: Weber Ratio asa function of intensity. The weber ratio is the minimum detectable(50%
of the time) changein intensity (� I ) given the background intensity I .

Figure 2.3: Perceived intensity is a function of
both foreground and background intensity. The
square in the center is the same intensity in all
four regions,but is perceivedasdarker asthe back-
ground becomeslighter.
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Figure 2.4: Comparing spatial frequencywith sen-
sitivit y shows that the eye is more sensitive to
horizontal and vertical orientations than any oth-
ers. Ulichney states that this disparity in sensitiv-
it y increaseswith spatial frequency, seeUlichney
[Ulic87] page84.
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betweenthe object and its background, � I , gradually increaseduntil the human subject canperceive

a di�erence in brightness. The quantit y � I c/I where I c is discriminable 50% of the time is called

the weber ratio. Figure 2.3 shows that as the background intensity or illumination is decreasedthe

contrast needsto be increasedbefore a change in intensity is detected. This meansthat in regions

of low background luminance the eye is lesssensitive to contrast than in regionsof high background

luminance.

Visual Organization and Clarit y

The human visual systemis sensitive to di�eren t typesof phenomenain an imageor scene.Two ex-

amplesof this phenomenaare the tendency to recognizeattributes aligned at particular orientations

and the tendency to form visual clarit y.

The human visual system is more sensitive to image artifacts aligned [Snyd85b] horizontally

(0o) and vertically (90o) than to features aligned at other orientations [Ulic87, Knut87] (see�gure

2.4). This meansthat any attributes aligned in this fashion will be noticed �rst and hencebe more

obvious.

Foley et al [Fole90] claims that if the interpretation of an image is readily apparent this is due to

visual clarit y, which can be created by using the visual organization of information to reinforce or

emphasizeimageattributes or logical organization. Rules of visual organization have beenproposed

by the Gestalt psychologist Wertheimer [Wert39] as early as 1930. These rules are primarily con-

cernedwith similarit y, proximit y and good continuation. In Foley et al [Fole90] p.418 the following

is stated:

The rule of similarity states that two visual stimuli that have a common property are

seenas belonging together. Likewise,the rule of proximity states that two visual stimuli

that are closeto each other are seenasbelongingtogether. The rule of closure says that,

if a set of stimuli almost enclosesan area or could be interpreted as enclosingan area

then the viewer seesthat area. The good-continuation rule states that, given a juncture

of lines, the viewer seesas continuous those lines are smoothly connected.

This is illustrated in �gures 2.5 and 2.6 from Foley et al

Since the human visual system is sensitive to certain orientations and favors visual clarit y, the

placement of image attributes should favor the correct interpretations. This meansplacing image

attributes and features so as to not aid in the interpretation of artifacts or false edges.

2.1.2 Application to Con tin uous Tone Grey-Scale Images

Using our knowledgeof how the human visual systemforms interpretations the placement of image

attributes can be tailored to favor particular interpretations of the �nal image. It may be desirable

to try to favor the perception of a continuous grey-scaleimage similar to the original image or the

perception of the original image drawn artistically or altered in someway.
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Figure 2.5: From Foley et al [Fole90] Gestalt rules: In (a), the squaresare undi�eren tiated. In (b),
proximit y induces a horizontal grouping; in (c), it induces a vertical grouping. In (d), similarit y
inducesa horizontal grouping, which is further reinforced in (e) by a combination of proximit y and
similarit y. In (f ), closure inducesa squareof dots, even though two dots are missing.

Figure 2.6: From Foley et al [Fole90] More Gestalt rules. The two intersecting lines in (a) could be
interpreted asshow in either (b) or (c). Good continuation favors (b). In a more applied context, the
two overlapping windows of (d) could be interpreted asshown in either (e) or (f ). Good continuation
favors (e).
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All continuous grey-scaleimageshave commonproperties that must be displayed in a particular

fashion in order for the required interpretation to be formulated. There are someproperties that

seemto be of particular importance in in
uencing the interpretation of the image and have thus,

beenof interest throughout the halftoning processand in the evolution of the results of this process.

Someof theseproperties are:

� The accurate representation of the samenumber of perceived grey-scaleintensities as found in

the original continuous grey-scaleimage.

� The approximation of uniform regionsof intensity (constant, increasingand decreasing).

� The representation of edgesor high contrast regions.

� The preservation of important image attributes.

Appro ximation of Grey Tones

Creating a black and white image that is perceived as much like the original grey-scale image

as possible involves closely approximating the grey-scaleintensities of the original image. Three

problems involved in accomplishingthis objective are all associated with the perception of intensity.

First, the number of grey tonesin the imagecan be approximated by utilizing the visual system's

abilit y to spatially integrate. Using black pixels that are su�cien tly small and viewing the image

from a minimum required distance, the spatial frequency neededto induce the perception of grey

tone can be achieved.

Second,studies [Gonz92] show that there exists a minimum di�erence in intensity before this

changeis detectableby the human visual system. This limits the number of intensities that needto

be approximated to the number detectable by the human visual system. Also, each intensity only

needsto be approximated by a su�cien tly closeintensity to be perceived as the sameintensity.

Third, consideringthat the perceived brightnessof an intensity changerelies on the background

illumination or intensity, perhapsonly relative intensity or contrast needsto be preserved. This can

lead to the creation of perceptually similar imageswhere one has lessgrey-tonesthan the other.

Thus, by utilizing the eye's abilit y to spatially integrate and keepingin mind the visual system's

limitation to decipher minimum intensity changes and perceived brightness a binary image can

be constructed using these attributes to absorb some of the loss of information inevitable in the

halftoning process.

Regions of Uniform In tensit y

Another attribute of many continuous grey-scaleimagesare regions of uniform intensity. Regions

of uniform grey-scaleintensity are typically halftoned using somearrangement of black and white

pixels. In the original images these regions are continuous and lack obvious components. Due to

the human visual system's desire for visual clarit y (closure and good continuation), care must be
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taken not to induce the perception of obvious connectedcomponents in the arrangements of black

and white pixels. These obvious, unwanted, connected components are commonly referred to in

halftoning research as artifacts.

In regions of uniform increasing or decreasingintensity not only must the intro duction of un-

wanted artifacts be limited, but the continuit y in intensity changemust be preserved. Perceptually,

obvious transitions betweenarrangements of black and white pixels in order to approximate increas-

ing and decreasinggrey-scaleintensities, must be eliminated or smoothed out.

Regions of High Con trast or Detail

Another property common to many continuous tone grey-scaleimagesare regions of high contrast

or edges. Since the visual system favors closure and good continuation of connectedcomponents

(particularly edges)in the original image it is essential that theseperceptionsare also induced with

the photorealistic halftoned image. As well, the perceptionof connectedcomponents in the halftoned

image that are non-existent in the original image must be limited. This addition of components is

called the intro duction of false edgesor false features.

Perceptually Relev ant Image A ttributes

Occasionally, certain image attributes may be of more importance than others. In thesecasesthere

may be a desire to ensure preservation of these image attributes at the expenseof others. For

example, the attributes in the foreground of an image may be much more important than those in

the background and henceit may be satisfactory to blur detail in the background, while ensuringthe

preservation of detail in the foreground. However, in a typical halftoned image, image component

information is not available and de�ning image components is a large, complex problem currently

being investigated by the image processingcommunit y. In the future, guidelinesfor knowing which

components of an image are perceptually relevant may be developed. Once these are de�ned and

these components can be identi�ed, the preservation of these image attributes can be ensuredby

encapsulating this information into an importance function. Until then, halftoning algorithms are

generally limited to use2D intensity information only.

2.2 Traditional Halftoning

Throughout the evolution of the halftoning processresearchershave identi�ed imageattributes that

must be preserved in order to create a photorealistic halftoned image. Initial halftoning attempts

focusedon re-creating the grey-scaleintensities as closely as possiblewithout the intro duction of

noticeableartifacts to the image. Artifacts are usually de�ned as the presenceof regular or irregular

high frequencyinformation in the halftoned imagethat wasnot present in the original image. Other

more recent objectivesinclude the preservation of edgesand detailed or high contrast regionsof the

image.
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Figure 2.7: Original continuous tone gray-scaleimage. A computer generatedcontinuous tone grey-
scalecircular ramp with black and white bands in the background.

2.2.1 Grey-Scale In tensit y Appro ximation/Preserv ation

Many di�eren t techniques were developed primarily to approximate grey-scaleintensities without

the intro duction of artifacts. These techniques can be loosely classi�ed as: Threshold Matrix and

Error Di�usion techniques.

Threshold Matrix halftoning techniques create the binary image by approximating each grey-

scaleintensity by an n � m arrangement (matrix) 2 of black and white pixels or by using the matrix

to threshold a region of n � m region of pixels in the original image. This n � m matrix is a set of

thresholdswhich de�ne how to order or arrange the black pixels and is commonly known asa dither

matrix [Baye73, Jarv76a]. A summary of these ordered dither techniques before 1976 is described

by Jarvis and Roberts in [Jarv76b]. There are two methods for arranging the thresholds within

the dither matrix: clustered and dispersed[Ulic87]. Clustered ordered dither methods cluster the

thresholds within the matrix such that the black pixels are arranged to form clusters that grow

from the center of the threshold matrix outwards over the range of grey-scaleintensities. Dispersed

ordereddither methods arrangethe black pixels such that clustersare not formed within the matrix.

This is illustrated in �gures 2.8 and 2.9.

Threshold matrix techniques are fast and particularly useful for somedisplay devices,but they

trade o� artifact size for the number of approximated grey-scale intensities. Threshold matrix

techniques are fast becauseonly a simple comparison is needed, in order to set the pixel. They

are particularly useful for display devicesthat cannot set individual pixels. For example, on laser

printers the ink bleedscausingblack pixels to be larger than intended. This e�ect is generally termed

dot gain. For thesedevicesa clustered threshold matrix can be usedto set pixels in clusters rather

than individually . An analysis of halftoning techniques for displays at di�eren t arrangements and

2generally the matrix is square, so m = n
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Figure 2.8: 8x8 Threshold Matrix: left - clustered; right - dispersed. Both are 200dpi images.

angleswaspresented by Ulichney [Ulic87]. Holladay [Holl80] presented a method for calculating the

threshold matrix for any angled screen. Threshold matrix techniques form obvious banding due to

the discrete number of intensities that can be approximated (n2 + 1) and the lack of distribution of

the quantization error. The number of intensities that can be approximated can be increased,hence

decreasingthe banding e�ect by increasing the size of the threshold matrix. However, as the size

of the matrix increasesso doesthe sizeof the clusters, thus creating larger, more obvious artifacts.

It has been noted that using larger threshold matrices not only allows for the approximation of

more tones, but eliminates some of the artifacts created from tiling the matrix over the image.

Thus, much of the current research on thesetechniqueshas concentrated on creating large matrices

that do not intro duce artifacts into the image. Purgathofer et al [Purg94] brie
y overviews these

attempts. Chu and Watunyuta [Chu92] have tried creating an optimal dither matrix basedon the

characteristics of a particular model of the human visual system. Ulichney [Ulic93] constructed a

dither matrix by evaluating the measureof gaps or voids and clusters with each additional pixel

setting. Ostromoukhov et al [Ostr94, Ostr95a] attempted to reduce the obviousnessof the regular

artifacts by rotating the dither matrix. Mitsa and Brathwaite[Mits95] used wavelets to construct

the optimal dither matrix by controlling the spectral energy. Dalton [Dalt95] described various

perceptions of binary texture and outlined possiblemodels used in the creation of optimal dither

screens.Currently , research hasdetermined that the human visual systemis lesssensitive to patterns

of blue noise [Ulic87] and creating a dither matrix using blue noise,called a blue noise mask, results

in the intro duction of lessobvious artifacts [Ulic88, Mits92, Schu94]. Yaoand Parker [Yao95] recently

addressedthe problem of compensatingfor dot gain when using blue noisemasks. Finally, Buchanan

and Streit [Buch98a] suggestedusing a segmented shape space�lling curve as the threshold region.

They stated that this reduces the artifacts associated with regular threshold matrices since the

threshold matrix is not tiled regularly.
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Figure 2.9: 4x4 Threshold Matrix: left - clustered; right - dispersed. Both are 200dpi images.

Figure 2.10: Left - Floyd-Steinberg Error Di�usion; Right - Naiman and Lam's error di�usion. Both
are 200dpi images
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Error di�usion techniques [Floy76] create the binary image by thresholding a region of pixels

and then calculating the error over this region of pixels by calculating the di�erence between the

binary approximation and the original image. Once the quantization error has been calculated it

is di�used to surrounding regions. These regionsare then thresholded by analyzing both the error

that has been di�used to them and the original grey-scaleintensities. Error di�usion techniques

more smoothly approximate grey-scaleintensities as seenby the lack of banding e�ects in �gure

2.10. However depending on the path of di�usion through the image this technique may create

obvious artifacts in the halftoned image. Research in this area has concentrated on altering both

the error di�usion �lter and the path through the image such that artifacts are not intro duced.

Ulichney [Ulic87] experiments with various error di�usion �lters. Kolpatzik and Bouman [Kolp92]

tried to create an optimal error di�usion �lter by combining the traditional �lter with the lowpass

characteristics of the contrast sensitivity function for the human visual system. Wong [Wong95]

tried to \lo ok-ahead" to predict the error and set the pixel accordingly in order to minimize the

propagation of error.

Traditionally , the path over the image has been left to right and top to bottom [Floy76] (see

�gure 2.10). Knuth [Knut87] suggestedspecifying the order of processingwithin the matrix and

distributing error only to unprocessedneighbors. Witten and Neal [Witt82 ] suggestedusing a one-

dimensional Peano curve (based on the Hilb ert polygon) divided into segments for thresholding

regions. Cole [Cole91] later suggestedusing Murray polygons rather than Hilb ert polygons, since

many picture shapesare rectangular rather than square. Velho and Gomes[Velh91] suggestedusing

a one-dimensionalspace-�lling curve and then tried to tailor this technique to adaptively place the

cluster within the region according to the darkest part of the underlying image. Rodriguez [Rodr94]

attempted to reduce the \riv ers" of error intro duced by traditional Floyd-Steinberg error di�usion

by processingeach scanlinein a forward and a backward pass. He found this createdmore symmetric

artifacts that werelessnoticeableto the human visual system. Naiman and Lam [Naim96] suggested

taking a wavefront path through the image. Distribution of the quantization error starts at the center

of the image and is di�used outwards towards the edgesof the image.

Somehalftoning techniques have been devised which attempt to combine both error di�usion

and threshold matrix techniques. Billotet-Ho�mann and Bryngdahl [Bill83] altered the threshold

used during error di�usion according to a threshold matrix. They also di�used error from one

region to the next using threshold matrix techniqueswithin that region. Ulichney[Ulic87] perturb ed

the constant threshold typically used in error di�usion techniques so that it varied within a given

range (white noise). Velho and Gomes [Velh91] di�used error from one region to the next along

their one-dimensionalspace�lling curve. Knox [Knox93] analyzed the theory of the error di�usion

technique and attempted to explain why thesemodi�cations yield slight improvements to the results

of traditional error di�usion. Zhang and Webber [Zhan93] combined Knuth's [Knut87] dot di�usion

with Velho and Gomes[Velh91] space�lling curve di�usion. Knox [Knox94] reducedthe distribution
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of quantization error by weighting the image intensity more heavily than the error. Buchanan and

Streit [Buch97] suggestedcombining error di�usion techniques in mannerssimilar to both Ulichney

[Ulic87] and Billotet-Ho�man and Bryngdahl[Bill83 ].

2.2.2 Edge Preserv ation

A more recent objective in halftoning has been the preservation of edgesin the image in addition

to approximating the grey-scaleintensities without the intro duction of artifacts. This notion comes

from the fact that edgesare high contrast areasand the human eye is sensitive to ([Knut87, Fole90])

this type of information.

There have been three approaches taken in order to achieve this objective. The �rst approach

involved enhancing the edgesin the original image before the image is halftoned in order to help

preserve the edgesthrough the halftoning process[Jarv76b, Knut87]. The secondapproach adjusts

the halftoning technique to locally compensatefor edgeswhen they have beendetected. Thurnhofer

[Thur94] suggestedusing a non-linear error di�usion �lter to adapt to image characteristics so as

to reducethe destruction of �ne detail, at the sametime not overemphasizingedgeswhere it is not

appropriate according to Weber's law. Knox [Knox94] suggestedweighting the error lessthan the

actual intensity, reducing the amount of error distributed, thus lesseningthe distortion of edges.

Velho and Gomes [Velh95] used space�lling curve halftoning and altered the size of the cluster

along the curve inversely to the magnitude of the gradient over the cluster. Thus, in regionsof high

contrast or rapidly changing intensity the cluster wassmaller. Buchanan and Verevka [Buch95] used

space-�lling curve halftoning and altered both the placement of black pixels within the clusters and

the sizeof the clusters dependent on whether an edgewas present. The third approach involvesre-

enhancingthe edgesafter the image has beenhalftoned in order to compensatefor any destruction

of the edgethroughout the halftoning process.Buchanan et al [Buch98b] suggestedre-drawing the

edgesin the halftoned image in regionswhere edgeshave beendetected. The edgeis drawn in one

of three possibleways: a row of white pixels, a row of black pixels or a row of white pixels and a

row of black pixels.

In addition to grey-scaleintensity approximation and edgepreservation other image attributes

may needto be preserved. None of the above techniquescan be easily adjusted to accommodate for

this change in focus. All of the techniques have been speci�cally designedfor the preservation of

somespeci�c image attribute. This thesis presents a method for halftoning basedon an importance

function. Theseresults will be presented in [Stre98].

2.2.3 Computational Trade-o�

Most of these early techniques were designedaround very harsh restrictions on memory and com-

plexity. The most e�cien t in both theseareasare ordereddither methods and with a slight increase

in memory, simple error di�usion methods such asFloyd-Steinberg error di�usion. With the increase
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in computational powers and available memory other techniques have been developed to produce

more optimal results. These techniques halftone the image and then evaluate the halftoned image

according to somequality metric which can be basedon anything from a model of the human visual

system to a printer model. Once the halftoned image has beenevaluated, it is altered basedon the

metric to improve the evaluation of the image. This alteration and re-evaluation is repeated until

the maximum number of iterations or the optimal result is reached. Analoui and Allebach [Anal92]

utilized binary search to �nd the optimally halftoned image with a di�erence metric incorporating

the contrast sensitivity function as the measurefor evaluation. Mulligan and Ahumada [Mull92]

used sequential adjustment with a measureof the vector length of error �ltered by the contrast

sensitivity function to �nd an optimized solution with the option of using simulated annealing for

the optimal solution. Pappasand Neuo� [Papp92] useda measureof least squarederror on a model

incorporating characteristics of printers and the human visual system. Finding the minimal least

squared error is a di�cult problem to solve in two dimensions, so he suggestsusing an approxi-

mation. Zakhor et al [Zakh92] used distortion betweenblocks of the image as a measureand used

quadratic programming to �nd an optimal solution. Sincethesetechniquesgenerally make multiple

passesover the image they require much more memory and computational time and are thus, only

useful for situations where theseextra resourcesare available.

2.2.4 Image Qualit y Measures for Traditional Halftoning Results

To aid in the assessment of thesevarioushalftoning methodsand results, di�eren t measuresof quality

have beendeveloped for both qualitativ e and quantitativ e assessment. Many of thesequality metrics

that have beenspeci�cally designedto assessthe quality of photorealistic halftoned images. Someof

thesemetrics are basedon printer or human visual system models [Grog92, Lin93, Mits93]. Other

metrics used to assessthe quality of halftoned imagesare quantitativ e metrics. Ulichney [Ulic87]

analyzesthe presenceof various frequencyinformation and symmetry of signal and noiseinformation

in the image using plots of the power spectrum, anisotropy, and exposure plots. Veryovka et al

[Very98] measuresthe preservation of edgesand the intro duction of artifacts at multiple scalesof

the image. In this thesis the latter two quantitativ e measureswill be used to evaluate importance

driven halftoning results.

2.3 Special E�ect Halftoning

The theme throughout traditional halftoning techniques is to hide or mask any artifacts that may

inadvertently be intro duced into the image. Currently , much of the work in halftoning is done on

the generationof blue noisemasks[Ulic88] or constructing the perfect dither arrays [Chu92, Ulic93,

Mits95, Dalt95].

There is however, an area of computer graphics that focuseson intro ducing e�ects into images.

In thesetype of imagesit is important, not only to ensurethat thesee�ects are preserved, but that
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other artifacts are not intro duced. One way to make this processmore e�cien t, is to develop a set

of halftoning techniques that intro duce wanted artifacts. There has been some initial research in

this area [Sloa92, Sloa93, Ostr95b, Buch96].

2.4 Non-Photorealistic Rendering

In this section a brief overview will be given of an area of non-photorealistic rendering that is

closely related to halftoning. Results from this area will be usedthroughout this thesis as a basisof

construction and evaluation of results which resemble non-photorealistic rendering (NPR) results.

This area is pen-and-ink illustration.

Pen-and-ink illustration can be closely paralleled with the processof halftoning. This type of

illustration results in the creation of a binary image that has placed ink in such a manner as to

create the perception of more tones. Landsdown and Scho�eld [Land95] reviewed NPR techniques.

Three of the common e�ects usedin NPR, particularly in pen-and-ink illustration are:

� Tone - The reproduction of various tones from the original sceneor image. As Winkenbach

and Salesin [Wink94] states tone refers to \the amount of visible light re
ected toward the

observer from a point on a surface".

� Texture - the structure implied by the placement of ink, color or \strok es". NPR often uses

stroke textures for the simultaneous creation of both tone and texture.

� Outline - As Winkenbach and Salesinstate [Wink94] realistic scenesgenerally do not contain

de�nite outline, however, it is a natural meansfor portraying objects especially in children's

drawings.

Pen-and-ink renderings create these three e�ects in a variety of ways. Tone is typically created by

de�ning di�eren t stroke texturesfor varying intensities [Wink94] or by overlaying multiple strokesor

textures until the desired tone is achieved [Sali94]. Tone and texture has also beenachieved using

multiple strokes or parametric curves [Wink96] [Elbe95] and contour lines [Pnue94]. Texture is

de�ned by the type, thickness,orientation, placement, and quantit y of strokes. In this way, texture

and tone may not be independent. Outline can be created using edgedetection [Sait90] and the

strategic placement of skeletal strokes[Hsu94].

This emphasison e�ects can be comparedwith the desiredresults of halftoning. Halftoning, as

mentioned previously, is concernedwith the reproduction of grey tonesasis pen-and-ink illustration.

Another important issue is the preservation of detail and the reduction of unwanted artifacts or

texture in the halftoned image. Thus, it can be concludedthat halftoning hasa similar concernwith

the creation and placement of texture. Finally, halftoning has more recently put emphasison the

preservation of edges,which can be closely comparedto NPR's emphasison outlines.

Both rendering techniques, pen-and-ink illustration and halftoning can be generalizedto place

ink or display primitiv es both globally and locally. In pen-and-ink illustration the stroke textures
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and placement of strokes determine the global placement of ink, where the type of stroke and the

size, width or curvature will determine the local placement of ink. Schlechtweg and Strothotte

[Schl96] alter the global placement of display primitiv esdepending on which areasof the image are

more important and henceneedmore detail. They alter the local placement of ink by adjusting the

shape or structure of the display primitiv e. This global and local manner of ink placement is not

common among halftoning techniques, although it seemsto have potential. Halftoning techniques

have typically worked on a local scale,being concernedwith the local placement of ink to control

artifacts, but also with the global placement of ink to preserve relative tone.

2.5 Multi-resolution Image Represen tation and Analysis

There are many di�eren t ways to store and analyse images. Two common types or classesare the

following:

� Pyramidal or MIP map representations as described by Williams [Will83 ]

� Wavelet Representations [Stol96]

Much research has focused on using these di�eren t image representations for various purposes.

Wavelets [Mall89, Stol95a, Stol95b] can be usedto hierarchically decomposethe image into a coarse

representation and a set of coe�cien ts. This representation allows for the expansionof this coarse

representation into details by using the wavelet coe�cien ts. It is an e�cien t method of image

storageat the small expenseof computation time neededto expand the image details by evaluating

a function over the wavelet coe�cien ts. This representation is not used for importance driven

halftoning simply becausecomputation time is more important than storagespace. Instead, a MIP

map type of approach hasbeenused. MIP maps[Will83 ] represent the imageat multiple resolutions,

by evaluating a 2 � 2 box �lter over a 2 � 2 area and storing the result as a new representation of

the image. For an n � m image, the amount of storage room neededis 3=2(n � m). The typical

MIP Map as used by Williams [Will83 ] uses intensity values for the values in the pyramid. In

importance driven halftoning a similar structure is used, except the values are the result of a user

chosenimportance function evaluated over the image.

2.6 Imp ortance Driv en Halftoning

In this thesis a halftoning technique is proposedthat allows the user to have control over both the

global and local placement of ink. With this control the user will be able to indirectly control the

tone and texture in the halftoned image for the purposesof creating both photorealistic halftoned

results and non-photorealistic halftoned results. This technique has four main characteristics:

� Distribution of ink is driven by the user-de�ned importance function.
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� The number of display primitiv es is user-de�ned.

� The user has control over the type of display primitiv es.

� The Multi-resolution/p yramidal representation allows for control of both global and local dis-

tribution.

Halftoning research has concentrated on preserving grey-scalereproduction and more recently pre-

serving edges.Importance driven halftoning allows the user to specify an importance function which

identi�es imageattributes that must be preserved or highlighted throughout the halftoning process.

This technique adjusts the placement of ink according to the given importance function, resulting

in placing ink in areaswhere important attributes are more prominent.

Second,this new halftoning technique allows the userto specify the number of display primitiv es.

Restricting the number of display primitiv espermits creation of limited resourcerenderings. When

using intensity for the importance function the alteration of the quantit y of display primitiv esallows

the user to alter the absolute intensity of the image (darken or lighten the entire image).

Third, the usercan specify the type of display primitiv esto be used. Altering the type of display

primitiv esallows the user to control the local placement of ink. For example, the local clustering of

ink is very di�eren t if a line segment is usedas the display primitiv e as opposedto a single pixel.

Finally, the pyramidal representation of the image helps in the identi�cation of the important

attributes at varying resolutions. In this manner, both a global and local assessment can be made

of the number of display primitiv esneededin a certain area. If intensity is the importance function

the low resolution representations will help to retain relative contrast across the image and the

higher resolutions will help to adjust local placement of ink thus, retaining control over texture and

artifacts.

Importance driven halftoning is a general technique that allows the user to directly control the

number of display primitiv es and indirectly control the placement of them through the de�nition

of an importance function and choice of display primitiv es. It attempts to preserve user-de�ned

image attributes throughout the halftoning processby using the visual system'sabilit y to spatially

integrate and act as a multi-resolution �lter.

This technique allows the user to either directly or indirectly control parameters to create both

photorealistic and non-photorealistic e�ects. The human visual system'sabilit y to spatially integrate

will be used to create the illusion of grey tones. Also, the ink will be distributed from a global

representation to a local representation in an attempt to preserve important attributes (possibly

edgesor �ne detail) while avoiding the intro duction of regular artifacts. Since this is a generalized

technique controlled mostly by user-de�ned parameters, there are many e�ects that can be created.

In the following chapters, details of the technique are discussedand a wide range of results are

presented.
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2.7 Chapter Summary

In this chapter, an overview of the basic attributes of the human visual perceptual system, cur-

rent halftoning techniques and non-photorealistic rendering techniques were presented. First, the

overview of the human visual system outlined basic characteristics such as abilit y of the visual

system to spatially integrate and perform as a passband�lter, the visual system's dependencyon

background illumination for the perception of intensity and it's preferencefor visual organization

and clarit y. This basic knowledge of the human visual system was then applied to characteristics

of continuous tone, grey-scaleimagesthat are neededfor the formation of a particular perception.

Second,a comprehensive discussionof current halftoning techniques was given including methods

designedto preserve intensity, to preserve edgesand to createoptimally halftoned imagesaccording

to somemeasure.A brief overview of someof the current measuresusedto evaluate thesehalftoned

results was also presented. Third, an overview of one method of non-photorealistic rendering was

presented. A comparisonof someof the similarities betweenthis method (pen-and-ink illustration)

and halftoning was discussed. Finally, an overview of multi-resolution image representations and

an outline of importance driven halftoning was presented. In the following chapters, the technical

details of a new technique called Importance Driven Halftoning will be intro duced. This technique

can produce various results according to the user's desires. A collection of results, the parameters

used to obtain them and how these results comparewith other current results will be presented in

chapters 4-6. Someof the results in chapters 4 and 5 will be comparedto the results of pen-and-ink

illustration techniques.

25



Chapter 3

Imp ortance Driv en Halftoning

In this chapter, the details of and the motivation for a new halftoning technique based on the

preservation of important imageattributes are outlined. This technique allows the user to specify an

importance function that de�nes the important image attributes, the quantit y of display primitiv es,

and the type of display primitiv esusedto halftone the image. Importance driven halftoning allows

for both global approximation of the importance valuesas well as local approximation and control.

Having control over the local placement of display primitiv esallows for the creation of many di�eren t

e�ects or textures, while retaining the important attributes in the image.

This chapter will outline the problem and motivation for the solution, as well as discuss the

details of the components of the system, user control over parameters, and use of this information

in the halftoning process.This chapter will �rst outline the problem and motivation for importance

driven halftoning. Second,it will give an overview of the technique describing the abilit y to control

both global and local arrangements of ink. Third, it discussesthe technical details of constructing

the multi-resolution representation of the image, distributing the weights and display primitiv es,

and adjusting the local structure of the display primitiv es. Finally, the user controlled parameters

are presented.

3.1 Problem Form ulation/Motiv ation

This technique is proposedmainly as a generalizedhalftoning technique. Previous halftoning tech-

niques are formed on the premise that a particular image attribute is important and thus needsto

be preserved throughout the halftoning process.Standard rules for identifying what is important in

our interpretation of the imagehave not yet beendeveloped. Somebasic imagecomponents seemto

be more important than others. However, once thesecomponents are combined it is undetermined

which are most important and which can be neglected. As research in this areaprogressesattributes

other than the commonly acceptedgrey tone reproduction and edgepreservation may be identi�ed.

Importance driven halftoning is created to useany important attribute or combination of important

attributes the user determinesnecessary.
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Figure 3.1: The lowpass pyramid is a �ltered representation of values related to the image. The
highest resolution of the pyramid are valuesobtained from evaluating the importance function over
the original image. The rest of the pyramid is a �ltered representation of this highest resolution level
with the highest resolution at the bottom of the pyramid and the lowest resolution (single value)
at the top of the pyramid. The display primitiv es are distributed in a top-down manner through
the pyramid according to thesevalues. The display primitiv esat each region in the level above are
distributed to four corresponding regions in the level below.

As a secondaryobjective, this technique must be able to analyse the image on both a global

and local scale in order to determine the placement of ink. The human visual system is known

to form an initial global interpretation of the image before analyzing the image on a local scale.

Due to this behavior, it must ensuredthat both the global and local portrayal of the image does

not result in false interpretations. In order to ensure this, the proposed technique usesa multi-

resolution representation of the image for determining the global and local placement of display

primitiv esduring the halftoning process.By being able to assessthe imageat a global level, relative

importance of the image attributes can be preserved. This meanstwo areasof the image that have

the sameimportance must be renderedwith the samenumber of display primitiv es. However, being

able to assessthe image at a local level allows the local adjustment of these display primitiv es for

the creation of various e�ects while still preserving relative importance throughout the image.

Altering the number and type of display primitiv es can lead to di�ering e�ects. These e�ects

include photorealistic halftoned, non-photorealistic halftoned and limited resourcerenderedimages.

Once again, a photorealistic halftoned image is an image halftoned in a manner to appear as much

like the original continuous tone grey-scaleimage as possible. A non-photorealistic halftoned image

is an imagehalftoned in a manner to appear similar to the original continuoustone grey-scaleimage,

but with addedtexture or artistic e�ects perhapscreating the illusion of a sketched or drawn image.

Finally, limited resourcerendering usesa reducedamount of resourcesto reproducethe image. This

may involve eliminating attributes of the imagethat are of lesserimportance. In halftoning, reducing

resourcestypically meansthe reduction of the number of display primitiv es or the amount of ink

used. Thus, the type and number of display primitiv esuseddependson the desiredresult. Examples

of all three typesof e�ects will be illustrated in chapter 4.
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3.2 Overview of the Technique

Importance driven halftoning usesa pyramidal representation of the image, as shown in �gure 3.1.

The bottom level of the pyramid is the evaluation of the importance function over the original image.

The other levels are �ltered versionsof the bottom level to form lower resolution representations.

Once the pyramid is constructed the display primitiv es are distributed down through this lowpass

pyramid [Perl95] according to the values in the pyramid, until a higher resolution representation of

the image is reached. Once the desiredresolution is reached the placement of the display primitiv es

can be adjusted only within a local area. Importance driven halftoning usesthe continuous tone

grey-scaleimagein addition to the three userde�ned parametersasinput and createsa binary image

as output. The three user de�ned parametersare:

1. The importance function.

2. The number of display primitiv es.

3. The type of display primitiv e.

Thesethree parametersare de�ned at the beginning of the halftoning processand the binary image

is renderedautomatically from them.

The chosenimportance function must be de�ned to rate a region of the imagefor the presenceof

the desiredcomponent. Thus it must return a high value if the region is very important and a lower

value if the region is of lessimportance. The valuesfrom evaluating the importance function over the

original image becomethe lowest level (highest resolution - see�gure 3.1) of the lowpass pyramid.

This representation of the imageis �ltered usinga box �lter to createlower resolution representations

of the image that form the upper levels of the pyramid. Once a single value representation of the

imageis created,the lowpasspyramid is completeand ready to be usedfor the distribution of display

primitiv es.

Using the lowpasspyramid the user-de�ned quantit y and typeof display primitiv esaredistributed

down through the pyramid from the top to the bottom. The display primitiv es are divided into

di�eren t regionsin the pyramid according to the valuesof each region. Thus, the generalplacement

of display primitiv es is de�ned by the importance function. Once the display primitiv es have been

globally distributed, the local placement or arrangement of the ink is controlled by the type of

display primitiv e or by re-orienting or scaling the display primitiv e.

3.2.1 Prioritized Global Distribution

Using the lowpasspyramid for the distribution of display primitiv es, placesthe display primitiv es

in areaswhere the importance function evaluates to larger values. Thus, more display primitiv es

are placed in areas where important image attributes are more prominent. This distribution of

display primitiv esassumesthat more display primitiv esgenerally result in a better rendering of the
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important attributes, particularly , tone, edges,detail, and areasof high contrast. Of course,excessive

amounts of display primitiv es can lead to destruction of these image attributes. The justi�cation

for this assumption can be made by considering current halftoning techniques as a basis. Current

halftoning techniquessimply addressthe problem of local arrangement of ink or display primitiv es.

The number of display primitiv esusedby current techniquesis boundedonly by the number of pixels

in the image. If the number of display primitiv esis limited, then both the problemsof whereto place

the display primitiv es as well as how to locally arrange them must be addressed. This is the case

with limited resourcerendering. The placement of more display primitiv esin areaswhere important

attributes are more prominent is commonin both the graphicsand arts worlds. A commonexample

of placing more display primitiv es in areasof important attributes is a typical sketch. A sketch is

obviously intended to useminimal amount of resourcesand yet still portray the objects or features

of the image. Thus, display primitiv es or strokes are placed in areasof the image to delineate the

features of the image.

3.2.2 Lo cal Structure and Positioning

Once the position of the display primitiv e is determined within a small local region, the display

primitiv e and its immediate neighbors can be adjusted to ensure the portrayal of the intended

local e�ect. In creating photorealistic halftoned images it is important to ensure that these local

adjustments preserve patterns (i.e. edgesor high contrast regions)present in the original imageand

do not create regular patterns not present in the original image. There are many ways to adjust

the local placement of display primitiv eswithout disrupting the global positioning and quantit y of

display primitiv es. Somee�orts that result in local adjustment are the following:

1. Altering the type of display primitiv e.

2. Rotating the display primitiv e.

3. Scaling the display primitiv e.

4. Thresholding the display primitiv e.

Depending on the type of display primitiv e someor all of the above can have a profound e�ect on

the halftoned result.

Varying the type of display primitiv e alters the local placement of ink. This can lead to creating

varying texture e�ects in the image. For example using a line segment as opposedto a square or

matrix of the samenumber of pixels intro ducesdi�eren t textures into the image. This is due to the

clustering of the ink in a di�eren t manner. Finally, by altering the orientation or the size of the

display primitiv e regular or irregular patterns of textures can be created. In �gure 3.2 the result of

using a singlepixel versusa line segment as the display primitiv e can be comparedwith the original

image. Both halftoned versionsuseapproximately the samenumber of black pixels, they are simply

distributed di�eren tly .
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(a)

(b)

(c)

Figure 3.2: From top to bottom: (a) Original grey-scaleimage - 600dpi; (b) Importance Driv en
Halftoning using single pixel as display primitiv e - 200dpi; (c) Importance Driv en Halftoning using
a line segment oriented and scaledas a function of intensity - 200dpi. Both imagesin (b) and (c)
set approximately 70,000black pixels

Calculation
of Weights

and

Distribution
of Ink

of Pyramid
Construction

Figure 3.3: The processof importance driven halftoning involves constructing the pyramid from
bottom to top to form the multi-resolution layers. The next step of the processinvolvescalculating
weights according to the importance function values in order to distribute the ink in a top-down
manner.

Having the user control the importance function, the number of display primitiv es,and the type

of display primitiv esallows for the creation of various e�ects. Using the lowpasspyramid or multi-

resolution representation enablesthe user to indirectly control both the global and local distribution

of display primitiv es. Thesecoupled abilities allow the user to create a variety of e�ects on both a

global and local scaleby using di�eren t arrangements of ink.

3.3 Technical Details

Importance driven halftoning is essentially a three step process.The stepsare:

1. Evaluation of the importance function and construction of the pyramid.

2. Calculation of weights and distribution of display primitiv es.

3. Local adjustment to placement of ink.

The pyramid is constructed from the highest resolution representation up to the lowest and the ink

is distributed in the reverseorder as shown in �gure 3.3. Once the distribution of ink or display
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primitiv esreachesa high resolution, local adjustments can be made to the actual placement of ink.

In this section, thesethree steps to importance driven halftoning will be discussedin detail.

3.3.1 Construction of the Lowpass Pyramid

As mentioned previously the premise for the creation of the lowpasspyramid is to have the abilit y

to manipulate and analyse the image more as the human visual system perceives it - at multiple

resolutions. Sincethe human visual systemacts asa Fourier analyzeran imagetends to be perceived

at varying resolutions. In order to achieve the preservation of important imageattributes, the human

visual system must perceive the preservation of theseattributes, at all resolutions.

The lowpass pyramid is constructed using two functions: The importance function and the

�lter. Both of these functions are static throughout the formation of the pyramid. The highest

resolution (lowest level) of the lowpass pyramid is a matrix of values obtained after evaluating

the importance function over the original image. This two dimensional matrix of values forms an

\imp ortant attribute" representation of the image. Higher values in this matrix represent areas

where important attributes are more prominent in the image. Details of the importance function

will be discussedfurther in section 3.4.1.

The upper levels of the pyramid are formed by �ltering this highest resolution representation of

the image. Each level is formed by applying the �lter to the level below. A standard non-overlapping

box �lter wasusedthat simply averagesfour corresponding valuesin the level below to form a single

value in the current level. This �ltering approach is identical to that used in the formation of MIP

maps by Williams [Will83 ]. For example, consider an image of resolution 2p � 2p with relative

or average intensity as the importance function. To construct the representation with resolution

2p� 1 � 2p� 1 a box �lter is passedover the 2p � 2p representation that averagesthe intensities of four

pixels to construct the value for one pixel at the level above (seeFigure 3.1).

Comp ensating for box �lter requiremen ts

Using a box �lter can present problems if the original image is not square or not a power of two.

If the original n � m image does not meet these requirements, the image representation used is a

2p � 2p image, where p = dlog2(max(m; n))e. The edgesof the image are padded with values that

do not a�ect the distribution of display primitiv es in order to �ll the excessarea. This meansthe

original n � m image is positioned in the center of the 2p � 2p representation and the edgesare �lled

in with the lower bound of the importance function as shown in �gure 3.4. This bu�er zonearound

the image can also be useful in situations where a display primitiv e may be rotated o� the edgeof

the image.

An alternate method to applying these two functions for the creation of the lowpass pyramid

is to �lter the original image and then evaluate the importance function over these �ltered values.

This has the e�ect of actually changing the evaluation of the importance function. Applying the
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Figure 3.4: If the imagesizeis not a power of two, an image representation that is a power of two is
used. The di�erence in the sizesis padded with valuesthat do not a�ect the distribution of display
primitiv es.

functions in this order could actually result in a di�eren t rating of importance from what the user

had intended. This e�ectiv ely alters the importance function and thus, this approach was not used.

Finally, experiments were done using other non-uniform or overlapping �lters such as Bartlett

or Gaussian�lters, however theseapproachesalso lead to an alteration of the intended importance

function. Using non-uniform �lters alters the importance function to placemore emphasison di�er-

ent regionsunder the �lter (i.e. center is more heavily weighted with the Gaussian�lter). Similar

alterations of importance occur with over-lapping �lters. Realizing this distortion of importance

function values, the non-overlapping box �lter was chosento be the best �lter for the creation of

the lowpasspyramid.

Once the lowpasspyramid has beenconstructed it is traversedin a top-down depth �rst search

manner. As the pyramid is traversed, values in neighboring regions of each representation are

comparedand weights are calculated for each region.

3.3.2 Calculation of the Weights

The calculated weights determine how much of the total number of display primitiv es from the

current level will be propagated to each of the four corresponding regions in the level below. Each

region is weighted as a fraction of the sum of itself and it's three neighboring region values. Thus,

the weights for the four approximate regions will always sum to one. Weighting each region in

this manner makesthe processof calculating weights independent of the importance function. This

is neededfor the creation of a generic halftoning technique. More speci�cally , if the importance

function is relative intensity each region is weighted as a fraction of the summed intensity of the

four corresponding intensity values. This identi�es each region as having a percentage of the total

display primitiv espassedfrom the representation above. Thus, if a region in the representation above
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R1 R2 R3 R4

Importance Func. Value 0.8 0.4 0.2 0.6
Corresponding Weight 0.4 0.2 0.1 0.3

40% 20% 10% 30%

Table 3.1: Table of importance function valuesand corresponding weight values

corresponds to regions R1; R2; R3; R4 in the current representation with the importance function

valuesasshown in table 3.1, theseregionswould have the corresponding weights shown in table 3.1.

By using relative intensity as the importance function and constructing the weights in this

manner the ink will be concentrated in darker regions of the image. By representing the weights

as a percentage of the total display primitiv es the intensities are kept relative to each other and

independent of the number of display primitiv esusedto halftone the image.

3.3.3 Distribution of the Displa y Primitiv es

The distribution of display primitiv eswithin the pyramid is determined by the weights. Distribution

beginsat the top of the lowpasspyramid with someinitial amount of display primitiv esand proceeds

downwards through the pyramid. This ensuresthat the display primitiv esare distributed evenly at

a global level rather than replicating a regular pattern of local distribution. This processis lesslikely

to intro duce regular artifacts into the image. The quantit y of display primitiv es for each location

at the current level is divided into the four regions R1; R2; R3; R4 at the next level. The display

primitiv es are distributed proportionally to the weights at each of these four locations. Thus the

number of display primitiv esdistributed to each location i is:

N 0
i = tr unc(wi � N )

where,N 0
i is the number of display primitiv esat location i in the level below, wi is the weighting or

percentage at location i in the level below, N is the number of display primitiv esin the current level,

and 0 � i < 4. However, sincethe number of display primitiv es is a integer amount and the weight

is a percentage, an error is intro duced. Sincethe operation truncates the result of the weight factor,

there may be extra display primitiv es that have not beendistributed. The extra display primitiv es

are calculated as follows:

extr a = N �
i< 4X

i =0

N 0
i

where extr a is the number of extra display primitiv es for the level below. There are two methods

for distributing theseextra display primitiv esdepending on the underlying values. The �rst method

of distribution is used for regions of equal value and the secondfor the rest of the regions. The

�rst method distributes the extra display primitiv esevenly among the regions. The secondmethod

calculatesthe error for each of the i regionsas follows:

err or i = (wi � N ) � (N 0
i + t i )
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41234 1 0 2 3

Figure 3.5: A line nine pixels long is thresholded according to a threshold matrix aligned with the
line. The thresholds start from the center of the line and increaseoutwards. The line is thresholded
from the center out becausethe center of the line is known to be dark, however other portions may
not be.

where,err or i is the absoluteerror betweenthe approximation N 0
i and the actual number of display

primitiv es neededat location i at the level below, and t i is the number of extra display primitiv es

allocated to location i . The value t i has an initial value of zero. The total number of extra display

primitiv esare distributed according to the amount of error at each region, err or i . The region with

the largest positive error is determined, an extra display primitiv e is allocated to that area and the

valueof t for that region is incremented. The number of extra display primitiv esis then decremented.

Next, the errors at each of the four regions are recalculated. Again, one more display primitiv e is

then allocated to the region with the largest positive error and the valuesof t and extr a are adjusted.

This processis repeated until the number of extra display primitiv es is zero.

The display primitiv es are distributed in a top-down order. At each level the region with the

highest valueof the importance function is selecteduntil the highest resolution is reached (depth-�rst

traversal). In the casewhere the importance function is averageintensity, the display primitiv esare

distributed to the overall darkest regionsof the image �rst.

Once the display primitiv es have been propagated through the pyramid to a smaller area of

interest (a higher resolution) the ink distribution can be locally adjusted to the underlying image.

This ensuresthat a valid local approximation canbeobtained. Somemethodsof local ink adjustment

will be discussedin the following subsection.

3.3.4 Lo cal Adjustmen t of Ink

Local adjustment to the placement of ink has been investigated through three modi�cations to the

display primitiv es.

1. Rotating the display primitiv e.

2. Scaling the display primitiv e.

3. Thresholding the display primitiv e.

With a single pixel as the display primitiv e the �rst two modi�cations do not a�ect the results.

However, a small region of pixels can be thresholded. Using intensity as the importance function,

the image can be thresholded using a threshold matrix. Using a matrix or larger area for the

approximation compensatesfor the human visual system's inabilit y to distinguish �ne detail at
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increasing distances (abilit y to spatially integrate). This adjustment of display primitiv es would

involvedistributing the display primitiv esdown to the highest resolution and thresholding this region

of the image according to the corresponding threshold matrix values. In the casewhere intensity is

the importance function, this yields results similar to traditional threshold matrix halftoning. The

details and results of this modi�cation will be discussedin chapter 4.

With a line segment asthe display primitiv eall of the abovemodi�cations arepossible.Rotating a

setof line segments in an imagecancreatevery di�eren t results. Aligning the line segments uniformly

or semi-uniformly can create the interpretation of distinct texture in the image. Aligning the line

segments along the edgesor regionsof high gradient can help to enhanceedgesand connectedness

in the imageand create results similar to outlines in non-photorealistic rendering. The line segment

can be aligned with various image properties such as intensity, gradient, variance etc. Scaling the

line segment not only can reducethe amount of resourcesused,but can vary the texture throughout

the image. Again the line segment can be scaledto intensity, gradient, variance or any other image

property. Finally, thresholding the line segment has a similar e�ect to scaling it, but the length can

be adjusted not only to a particular image property, but also to the image intensity directly under

the placement of the line segment. The determined position of the display primitiv e is where the

center of the line is placed. Thus, in order to threshold the line a threshold matrix is built from the

center of the line outwards as shown in �gure 3.5. The pixels of the line are thresholded according

to this matrix, as is done with normal threshold matrix halftoning. This adjusts the length of the

line segment directly to the underlying image. Thresholding the line segment will be shown to

preserve detail in the image. By using these three simple modi�cations to the display primitiv es,

importance driven halftoning can create di�eren t local e�ects, which can be used to create global

e�ects depending on the amount of local adjustment.

3.4 Alteration of Parameters

In importance driven halftoning, the user has the abilit y to de�ne three parametersfor the creation

of various e�ects. Thesethree parametersare:

1. The importance function.

2. The number of display primitiv es.

3. The type of display primitiv es.

This section outlines someof the valuesusedfor theseparametersand the generale�ect they have

on the halftoned image.

3.4.1 Imp ortance Function

The user de�nes the importance function which dictates the distribution of display primitiv es. As

intensity and spatial proximit y are the only information available in the original grey-scaleimage,the
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importancefunction must bebasedon this information. The importancefunction canbeany function

of intensity, variance, gradient, edgedetection �lter (sobel) or even a function identifying texture

in the image. If averageintensity is the importance function the highest resolution representation

is simply the original image's intensity values. The importance function identi�es the presenceof

important imageattributes over a segment of the image. Thus, if the importance function is intensity

g at location (x; y), then the importance function F , is simply:

F (x; y) = g(x; y)

The user may also choose to construct an importance function that combines several importance

functions by weighting them as follows:

F (x; y) = w1 � f 1(x; y) + w2 � f 2(x; y) + ::: + wn � f n (x; y)

where wx is a weight,
P x = n

x =0 wx = 1 and f 1; :::; f n are importance functions. For example, the

following combines the importance functions of intensity and variance:

F (x; y) = 0:8 � Intensity Fcn(x,y) + 0:2 � Variance Fcn(x,y)

Altering the importance function or combination of importance functions, de�nes the placement

of the display primitiv es based on di�eren t attributes in the image. The results of altering the

importance function will be illustrated in the following chapter.

3.4.2 Num ber of Displa y Primitiv es

The usercan specify the number of display primitiv esusedin importance driven halftoning. Adjust-

ing this parameter, especially in combination with the other parameterscan create di�ering e�ects.

By reducing the number of display primitiv esonly the most important attributes of the image will

be renderedby the placement of display primitiv es. This can be useful in limited resourcerendered

images. Using an averagenumber of display primitiv es,

AverageNo Of Display Primitiv es=
AverageIntensity � No Of Pixels In Image

No Of Pixels In Primitiv e � Maximum Intensity
(3.1)

yields results similar to traditional halftoning, especially in the casewhereintensity is the importance

function. Figure 3.6(a) is an image halftoned using Floyd-Steinberg's error di�usion with approxi-

mately the averagenumber of display primitiv esas calculated in equation 3.1. Figures 3.6(b) to (d)

are imageshalftoned using importance driven halftoning. Figure 3.6(b) is halftoned with half the

number of display primitiv esas (a). Figure 3.6(c) has the samenumber of display primitiv esas (a)

and �gure 3.6(d) has twice the number of display primitiv esas (a).

3.4.3 T yp e of Displa y Primitiv es

The usercan alsospecify the type of display primitiv e. Altering the type of display primitiv e adjusts

the �ne local placement of ink. The display primitiv e de�nes how the ink is clustered locally. By
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(a)

(b)

(c)

(d)

Figure 3.6: Top to Bottom: (a) Floyd-Steinberg's error di�usion using approximately an average
number of display primitiv es. (b) Importance driven halftoning with half the display primitiv es as
in (a). (c) Importance driven halftoning with the same number of display primitiv es as (a). (d)
Importance driven halftoning with twice the number of display primitiv esas in (a).

using a singlepixel for the display primitiv e results similar to traditional halftoning can be attained.

Using a line segment as the display primitiv e can create sketched-like e�ects. By combining the

alteration of display primitiv eswith the importance function other non-photorealistic e�ects can be

created. In the following chapters both a single pixel and a line segment will be usedas the display

primitiv e to illustrate various e�ects. As an example, the di�erences in textures between a single

pixel and a line segment are shown in �gures 3.2(b) and 3.2(c).

3.5 Chapter Summary

In this chapter the details and motivation of a new halftoning technique, called importance driven

halftoning, have beenoutlined. Current halftoning techniqueslack the abilit y to easily adjust which

attributes are preserved in the image, how many display primitiv es are used, and the local struc-

ture or arrangement of ink. This new technique is basedon the preservation of important image

attributes, de�ned by the user. The user has control over the amount and type of display prim-

itiv es used in this halftoning process. The user parameters ultimately give the user control over

both global and local placement of display primitiv esand ink. Importance driven halftoning usesa

lowpasspyramid constructed of values obtained from evaluating the importance function over the

image and �ltering it to multiple resolutions. From this pyramid of values,weights are determined

that de�ne the distribution of display primitiv es. Finally, the individual display primitiv es can be

rotated, scaledand thresholded to create local texture or e�ects. Altering the importance function,

the number of display primitiv esand the type of display primitiv esyields varying results that can be

usedto achieve traditional photorealistic halftoning objectives,limited resourcerendering objectives
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or non-photorealistic rendering objectives. This chapter has outlined the components used in this

technique, the processof importance driven halftoning, the details of the parameters, and a brief

explanation of the results. The following chapters will illustrate the use of various parameters in

importance driven halftoning, the details of how they were obtained, and a comparisonwith other

current techniquesfor obtaining similar results. The comparisonwill be performed using Ulichney's

[Ulic87] measuresand measuresproposedby Veryovka et al [Very98].
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Chapter 4

Parameter Alteration in
Imp ortance Driv en Halftoning

This chapter illustrates the results obtained by altering the parametersof importance driven halfton-

ing. Importance driven halftoning is controlled by three parameters: the importance function, the

quantit y of display primitiv es,and the type of display primitiv es, that can be varied and altered in

di�eren t combinations to obtain both photorealistic and non-photorealistic results. As mentioned in

chapter 2, the main objectivesof halftoning are to approximate grey-scaleintensities and to preserve

edgesor detail present in the original image without intro ducing unwanted artifacts. During the

construction of imagesdi�eren t interpretations are induced by using various local and global e�ects.

In importance driven halftoning, the user can create various local and global e�ects in order to

suggestdi�eren t interpretations by varying these three parameters. The �rst three sectionsof this

chapter illustrate imagescreatedfrom altering each of the three parametersindividually . The fourth

section shows how the parameterscan be altered simultaneously to create other results.

4.1 Original Images

The imagesshown in �gure 4.1 will be used as the original continuous tone grey-scaleimages for

halftoning examplesin this chapter. The top two imagesare computer generatedgrey-scaleramps.

The bottom left image is a grey-scalephotograph of the ubiquitous Lenna and the bottom right

image is a lithograph of a sheepherder by Peter Hurd [Hurd68].

4.2 The Imp ortance Function

One of the parametersthe userhascontrol over is the importance function. As mentioned in chapter

3 the importance function identi�es attributes or regions of the image the user has designatedas

important. Thus, an increasein the value of the importance function must correlate directly with

a proportional increasein the importance of the underlying region of the image. Importance driven

halftoning assumesthat important imageattributes are better renderedwith more display primitiv es
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Figure 4.1: Original imagesused in this chapter. The top two imagesare computer generatedcon-
tinuous tone grey-scaleimages. The bottom left image is a grey-scalephotograph of the ubiquitous
Lenna and the bottom right image is a lithograph of a sheepherder by Peter Hurd [Hurd68].

Figure 4.2: Importance function is intensity. The function returns higher valuesin regionsof darker
intensity. Hence, more display primitiv es are placed in these regions. The display primitiv e is a
single black pixel and the number of display primitiv es is the averagenumber for these imagesas
calculated by equation 4.1.
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Figure 4.3: Importance function is variance. The function returns higher valuesin regionsof higher
variance(i.e. larger intensity di�erence betweena pixel and its eight neighbors). Hencemore display
primitiv esare placed on edges,or di�erences in intensity.

Figure 4.4: Importance function is gradient. The function returns higher valuesin regionsof higher
gradient magnitude. Hencemore display primitiv esare placed in regionsof higher gradient magni-
tude.
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than with less. The importance function de�nes both the global and the local distribution of display

primitiv es throughout the halftoning processand consequently more display primitiv es are placed

in regions with higher importance function values. Finally, the importance function can only be a

function of grey-scaleintensity and spatial proximit y since the halftoning processonly usesa two

dimensional continuous tone grey-scaleimage as input.

4.2.1 In tensit y

In traditional halftoning the primary objective has beenthe approximation of grey-scaleintensities

using black ink on white paper. Thus, intensity may be a natural choice for an important image

attribute. In our �rst example(�gure 4.2), the importance attribute is intensity g, at location (x; y).

The importance function F at location (x; y) is:

F (x; y) = g(x; y)

Thus for an 8 bit grey-scaleimage the values of the importance function range from 0 to 255. A

value of zero represents white and a value of 255 represents black. Hence,more display primitiv es

will be placed in regionswith larger intensity values(darker regions).

4.2.2 Con trast

A secondcommonobjective in traditional halftoning is the preservation of edgesor contrast. Edges

can be determined by �nding regions of high contrast [Buch95]. Regions of high or low contrast

can be located by analysis of di�erences in intensity. This can be done in various ways, including

�nding the maximum di�erence in intensity betweena pixel and it's eight neighbors, calculating the

gradient or calculating the variance. As an example the importance function F , can be variance,

and is calculated as follows:

F (x; y) =

P i =+1
i = � 1

P j =+1
j = � 1 jg(x; y) � g(x + i; y + j )j

Num Valid Neighbours

This sets the importance function to be the normalized sum of the absolute di�erence in intensities

between a pixel and it's immediate eight-connected neighbors. As shown in �gure 4.3 more ink is

placed in regionsof higher variance.

Another method for detecting edgesor changesin contrast is using the strength of the gradient

at a particular location. The gradient is a vector which points in the direction of maximum rate of

changein intensity and is de�ned as:

r f (x; y) =
�

Gx

Gy

�
=

"
@f
@x
@f
@y

#

The partial derivatives @f
@x and @f

@y can be calculated in many ways. Gonzalezand Woods [Gonz92]

claim that using sobel operators provide both a smoothing and di�erencing e�ect. Thus, from the
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Figure 4.5: (a) 3x3 image region; (b) mask used to compute Gx at center point of 3x3 region; (c)
mask usedto compute Gy at center point of 3x3 region.

masksshown in �gure 4.5 the partial derivativesare calculated as follows:

Gx = (z7 + 2z8 + z9) � (z1 + 2z2 + z3)

and

Gy = (z3 + 2z6 + z9) � (z1 + 2z4 + z7)

and the magnitude of the gradient is:

mag(r f (x; y)) = jGx
2 + Gy

2j
1=2

Figure 4.4 shows results of using the magnitude of the gradient as the importance function. The

magnitude of the gradient can also be approximated as:

mag(r f (x; y)) � jGx j + jGy j

The imagesshown in �gures 4.3 and 4.4 are very similar becausethe importance functions usedare

both functions of the di�erences in intensity over a 3x3 region. Both are useful for edgehighlighting

as shown in �gures 4.3 and 4.4.

4.2.3 Com bination of Imp ortance Functions

As mentioned in chapter 3 the user can decide to de�ne the importance function as a weighted

combination of individual importance functions, calculated as follows:

F (x; y) = w1 � f 1(x; y) + w2 � f 2(x; y) + :::: + wn � f n (x; y)

where w1; w2; :::; wn are weights where
P x = n

x =1 wx = 1 and f 1; f 2; ::::; f n are importance functions. In

�gure 4.6(c) both variance (shown in �gure 4.6(b)) and intensity (shown in �gure 4.6(a)) have been
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(a) (b)

(c)

Figure 4.6: (a) Importance function is intensity; (b) Importance Function is pixel-to-pixel variance
over eight neighbors; (c) Importance Function is intensity (70%) and variance (30%). The display
primitiv e is a single black pixel and the number of display primitiv es is the averagenumber for this
image as calculated by equation 4.1.
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combined to form the resulting importance function F , at location (x; y):

F (x; y) = 0:7 � Intensity Fcn(x; y) + 0:3 � Variance Fcn(x; y)

or

F (x; y) = 0:7 � g(x; y) + 0:3 � mag(r f (x; y))

In this manner, any number of arbitrary importance functions can be combined to form a single im-

portance function. Weighting the individual importance functions re
ect the order of the importance

among the di�eren t image attributes.

4.3 Num ber of Displa y Primitiv es

As a secondparameter in importance driven halftoning, the user is able to control the number of

display primitiv es. By varying the number of display primitiv esthe user is able to control how many

of the attributes (according to importance) are rendered. The user can specify an averagenumber

of display primitiv es,similar to the amount usedin traditional halftoning methods, to obtain results

similar to traditional halftoning. If the user speci�es lessthan this averagequantit y the results are

similar to limited resourcerenderings. Finally, if the user speci�es more than the averagenumber,

this can lead to over-enhancement or even distortion (by the addition of too much ink) of the

important attributes in the image. Specifying an excessive number of display primitiv escan be used

for placing emphasison features or for the creation of alternate, possibly artistic results.

4.3.1 Av erage Num ber of Displa y Primitiv es

The user can choose an average number of display primitiv es. The average number is usually

calculated basedon intensity as follows (seesection 3.4.2):

AverageNo Display Primitiv es=
AverageIntensity � No Of Pixels In Image

No Of Pixels In Primitiv e � Maximum Intensity
(4.1)

This calculation assumesblack is the Maximum Intensity and black pixels areset. Importancedriven

halftoning ensuresthat using intensity as the importance function will preserve relative intensity in

the halftoned image. This is ensured,becauseeach region is a weighted ratio of four regions. This

means, that general contrast in the image is preserved or enhanced,but the absolute intensities

may be di�eren t. Thus, depending on the number of display primitiv esthe entire imagemay appear

darker or lighter than the original. However, by using the averagenumber of display primitiv es(black

pixels) the averageabsolute intensity is closely approximated, thus keeping intensities relative and

absolute. The imagein �gure 4.6(a) usesintensity asthe importance function and an averagenumber

of display primitiv es(single pixels) are set.
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(a) (b)

Figure 4.7: (a) Image halftoned using 50% of the averagenumber of display primitiv es; (b) Image
halftoned using 150%of the averagenumber display primitiv es. Both imageshave intensity as the
importance function and single black pixels as the display primitiv es.

(a) (b)

Figure 4.8: Both imageshave 25% of the averagenumber of display primitiv esneeded.The impor-
tance function is gradient. The display primitiv e is a single black pixel.
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4.3.2 Insu�cien t or Excessiv e Num ber of Displa y Primitiv es

By specifying lessthan the averageamount of display primitiv es importance driven halftoning can

be usedto exclusively render regionsof the image with higher importance values. With intensity as

the importance function, relative intensity will be preserved throughout the image. This meansthat

contrast or di�erences in intensity will be relative to both the number of display primitiv esand to the

other regionsof the image. Thus, if there is a 10% di�erence in intensity betweentwo regionsthere

will be a 10% di�erence in the number of display primitiv esusedto render thesetwo regions. This

meansdecreasingthe number of display primitiv esbelow the averageamount will result not only in

a decreasein the overall intensity, but also in a decreasein perceived contrast. This is illustrated in

comparing �gure 4.6(a) with the imagesin �gure 4.7. Figure 4.7(a) uses50%of the averagenumber

of display primitiv es shown in �gure 4.6(a). Figure 4.7(b) uses150% of the average number of

display primitiv esin �gure 4.6(a). Altering the number of display primitiv escausesthe entire image

to appear lighter or darker than both the original image and the image in �gure 4.6(a). However,

both imagesin Figure 4.7 retain relative intensity proportional to the number of display primitiv es

available, so that contrast is preserved for the interpretation of di�eren t image components.

Draft versionsof the imagecan be createdby altering the importance function and restricting the

number of display primitiv es, for example using gradient for the importance function can preserve

high frequencyor edgeinformation. In �gure 4.8 both imagesusea quarter of the display primitiv es

neededfor each image as calculated by equation 4.1.

Increasing the number of display primitiv es beyond the averageamount speci�ed by equation

4.1 rendersall areasof the image with a proportional increasein the number of display primitiv es.

Thus, if the importance function is intensity, and black is the maximum intensity value, the image

becomesdarker as shown in �gure 4.7(b). This enhancescontrast possibly at the expenseof detail

in the image depending on the excessivenessof display primitiv es. Specifying an excessive number

of display primitiv es causesthe darker regions to becomecompletely black, henceloosing detail in

theseregions.

The dependencyof the change in intensity on the number of display primitiv es is illustrated in

�gure 4.9. Figure 4.9(a) and (c) have the same number of black and white pixels, as do �gures

(b) and (d). The apparent di�erences between �gures 4.9(a) and (c) and �gures 4.9(b) and (d)

come from simply distributing the black and white pixels di�eren tly . In �gures 4.9(a) and (b) the

importance function is directly proportional to intensity and the display primitiv e is a single black

pixel. In �gures 4.9(c) and (d) the importance function is inversely proportional to intensity and

the display primitiv e is a singlewhite pixel. Figures 4.9(b) and (c) have an excessnumber of display

primitiv esand �gures 4.9(c) and (d) have an insu�cien t number of display primitiv es. Thus, given

an excessive number of display primitiv es the darker regions get proportionally darker than the

lighter regionsin �gure 4.9(b). In �gure 4.9(c) the lighter regionsget proportionally more light than

the darker regions. An excessof display primitiv escan be used to emphasizecontrast. However, if
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Black
Display

Primitiv es
(Single Pixels)

80,000black; 180,000white

(a)

180,000black; 80,000white

(b)

White
Display

Primitiv es
(Single Pixels)

(c) (d)

Figure 4.9: (a) Black ink, 80000Display Primitiv es; (b) Black ink, 180000Display Primitiv es; (c)
White ink, 180000Display Primitiv es - sameamount of white ink as in (a); (d) White ink, 80000
Display Primitiv es- sameamount of white ink asin (b). All imageshave intensity asthe importance
function.
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the number of display primitiv es is insu�cien t (�gures 4.9(a) and (d)), none of the regionsbecome

dark enough (�gure 4.9(a)) or none of the regions are light enough �gure 4.9(d). An insu�cien t

number of display primitiv esresults in a lesseningof contrast. This illustrates that the distribution

of display primitiv esis proportional to the number of display primitiv esand that varying the number

of display primitiv escan not only lighten or darken the entire image,but can alsobe usedto enhance

or lessencontrast.

4.4 T yp e of Displa y Primitiv e

The third parameter of importance driven halftoning is the type of display primitiv e. The type of

display primitiv e de�nes the local clustering of the ink. This can intro duce local texture e�ects into

the image. Theselocal texture e�ects can in turn a�ect the global appearanceof the image.

4.4.1 Individual Pixels

The �rst type of display primitiv e usedwasa singlepixel. Using this asthe display primitiv e resulted

in imagesasshown in �gures 4.2 to 4.4 and �gures 4.6 to 4.9. Theseresults are similar to traditional

halftoning results. The evaluation of theseresults in this context will be further explored in chapter

5.

4.4.2 Line Segments

A secondtype of display primitiv e usedwasa line segment. The maximum length of the line segment

is speci�ed by the userand the line segment is centered on the determined, display primitiv e location

(x; y). Once this is done there are many options for performing local adjustment to the placement

of ink. As mentioned in the previous chapter, three types of adjustment to this display primitiv e

have beenexperimented with: scaling, thresholding and rotation. Thesemodi�cations to the local

placement of ink produce both photorealistic and non-photorealistic results.

Scaling

Figure 4.10illustrates two halftoned imagesusing intensity asthe importance function and black line

segments of �v e pixels as the display primitiv es. Both imagesusea constant line length throughout

the image. The image in �gure 4.10(a) is aligned with the direction of the gradient and the image in

�gure 4.10(b) is rotated at 90o to the direction of the gradient. In both imagesthe content is quite

distorted. The intensities of the image have beenpreserved, but the somewhat, seeminglyrandom

or white noise texture distorts the attributes of the image. Rotating the line segments 90o to the

direction of the gradient preserves the change in intensity and highlights edgesas detected by the

gradient. Improvement to intensity approximation can be achieved by scaling the length of the line

segment as a function of intensity as follows:

Length(l) = jjg(x; y)jj � Max Length
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(a) (b)

Figure 4.10: (a) Importance function is intensity. The display primitiv e is a �v e pixel line segment
aligned with gradient; (b) Importance function is intensity. The display primitiv e is a �v e pixel line
segment rotated at 90o to the direction of the gradient. The averagenumber of display primitiv es
as calculated in equation 4.1 were usedfor both images.

(a) (b)

Figure 4.11: Both imageshave intensity as the importance function. The display primitiv e is a 10
pixel line segment scaledto intensity and rotated at 90o to the direction of the gradient. The average
number of display primitiv esas calculated in equation 4.1 were usedfor both images.

50



(a) (b)

Figure 4.12: (a) Importance function is intensity. The display primitiv e is a 10 pixel line segment
scaledto gradient and thresholded. This image usesthe averagenumber of display primitiv es; (b)
Importance function is intensity. The display primitiv e is a 10 pixel line segment scaled to the
gradient, thresholded, and rotated at 90o to the direction of the gradient. This image uses66% of
the averagenumber of display primitiv es.

where l is the line segment to be centered at location (x; y), g(x; y) is the intensity at location (x; y)

in the original image and the user has speci�ed the maximum desired length of the line segment to

be Max Length. Scaling the line segment to the intensity enhancescontrast in the image altering

the number of pixels set in regions of various intensities. Comparing the image in �gure 4.10(b)

with the image in �gure 4.11(b) illustrates the e�ect of scaling the line segments. Both images

have approximately the averagenumber of black pixels set on white paper according to the average

intensity as speci�ed in equation 4.1. Both imagesin �gure 4.11 have the averagenumber of pixels

set, have intensity as the importance function, and use10 pixel line segments scaledto intensity and

rotated at 90o to the direction of the gradient as the display primitiv e. The line segment can also

be scaledto other imageproperties such asvarianceor gradient depending on the desirede�ect. An

exampleof this combined with other alterations will be shown in section 4.5.

Thresholding

Threshold matrix halftoning often yields adequateresults becauseit approximates an image region

using the underlying image information. Importance driven halftoning can also usethe image infor-

mation to threshold the line segment. To do this a threshold matrix is constructed along the length

of the line segment. The matrix sets the thresholds starting from the center of the line segment

and increasing outwards to the ends of the line segment as described in chapter 3, section 3.3.4.

Thresholding the line segment allows the direct adjustment of the length of the line segment to a

particular image area. This abilit y to adjust the length of the line segment aids in the preservation

of edgesand high frequency information. The imagesin �gure 4.12 illustrate this local alteration.
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(a) (b)

Figure 4.13: (a) Importance function is intensity. The display primitiv e is a line segment of length
10 scaledto intensity and thresholded, rotated at 90o to the direction of the gradient; (b) Impor-
tance function is intensity. The display primitiv e is a line segment of length 10 scaledto intensity,
thresholded, rotated at 90o to the direction of the gradient in regionsof high gradient, and rotated
at 45o to the direction of the image axis in regionsof low gradient.

In both imagesthe line segment is length ten and is scaledto the gradient and thresholded. The

image in �gure 4.12(a) contains an averagenumber of black pixels and the image in �gure 4.12(b)

contains about 66%of the averagenumber of black pixels for this image. The imagein �gure 4.12(a)

has the line segments oriented to the direction of the gradient and the image in �gure 4.12(b) has

the line segments rotated at 90o to the direction of the gradient. Comparing the image in �gure

4.12(b) with 4.11(b) illustrates the e�ect of scaling the line segment. The imagesin �gure 4.13 also

show line segments that have beenthresholded to the underlying image intensities.

Rotation

Rotation is the third explored method of locally adjusting the placement of ink. As seenin �gures

4.10 to 4.13(a) rotating the line segment so that it lies 90o to the direction of the gradient preserves

contrast, henceaiding in the preservation of edgesand high frequencyinformation. The line segments

can also be aligned uniformly to create texture other than noise. However, since the edgesand

regions of high contrast must still be preserved, the rotation is thresholded so that regions with

high gradient magnitude have the line segments oriented at 90o to the direction of the gradient, but

regions with low gradient magnitude (semi-uniform intensity) have the line segments aligned in a

commondirection for the creation of an obvious texture. The imagein �gure 4.13(a) orients the line

segments in the direction of the gradient and the image in �gure 4.13(b) orients the line segments in

the direction of the gradient in regionsof high gradient magnitude and orients the lines at 45o to the

direction of the imageaxis in regionsof low gradient magnitude. Both of theseimagesthreshold the

line segments to intensity and use intensity as the importance function. This changein orientation
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(a) (b)

Figure 4.14: (a) Importance function is intensity. The display primitiv e is a 10 pixel line segment
rotated 45o to the direction of the image axis; (b) Importance function is intensity. The display
primitiv e is a 10 pixel line segment rotated as a function of intensity.

can be seenby comparing the hat and the shirt regionsof �gures 4.13(a) and (b). Finally in �gure

4.14 the line segments are a constant length of ten and the line segments are oriented at 90o to the

direction of the gradient in regionsof high gradient magnitude. In regionsof low gradient magnitude

�gure 4.14(a) orients the line segments at 45o to the direction of the image axis and �gure 4.14(b)

orients the line segments as a function of intensity between0o and 90o to the direction of the image

axis. In the last imagethe amount of rotation for the line segments (angle �) is calculated in degrees

as follows:

� = jjg(x; y)jj � 90

4.4.3 Square Region of Pixels

A third type of display primitiv e that has been used is a square. The local placement of ink can

be adjusted using a rectangle or squareas the display primitiv e and thresholding this area using a

traditional threshold matrix. This is done by simply traversing down the lowpasspyramid until a

region the sizeof the matrix is reached. This area is then thresholdedaccording to the valuesin the

threshold matrix. There are two methods of performing this thresholding:

� A: Set the �rst n lowest regionsof the matrix, where n is the number of display primitiv esleft

to be distributed at this point in the pyramid

� B: Threshold the region using the threshold matrix and set the �rst n regionsthat are required

to be set (as de�ned by the original image intensity and the threshold value), where n is the

number of display primitiv es left.
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(a) (b)

Figure 4.15: (a) Importance function is intensity. The display primitiv e is a 4� 4 square,thresholded
by method A usinga clustered4� 4 matrix given in section4.4.3;(b) Importance function is intensity.
The display primitiv e is a 4 � 4 square, thresholded by method A using a dispersed4 � 4 matrix
given in section 4.4.3.

(a) (b)

Figure 4.16: (a) Importance function is intensity. The display primitiv e is a 4� 4 square,thresholded
by method B usinga clustered4� 4 matrix given in section4.4.3;(b) Importance function is intensity.
The display primitiv e is a 4 � 4 square, thresholded by method B using a dispersed4 � 4 matrix
given in section 4.4.3.
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The images in �gures 4.15 and 4.16 use the following 4 � 4 threshold matrices for cluster and

dispersedthresholding, respectively:

Clustered
�
�
�
�
�
�
�

14 12 13 16
5 4 3 10
6 1 2 11
9 7 8 15

�
�
�
�
�
�
�

Dispersed
�
�
�
�
�
�
�

10 6 11 7
4 14 1 15
12 8 9 5
2 16 3 13

�
�
�
�
�
�
�

All four of theseimageswere generatedusing the averagenumber of black pixels and thus result in

imagesvery similar to traditional threshold matrix halftoning usingclusteredand dispersedthreshold

matrices. Method A sets the pixels within the matrix in the sameorder and hencehas the same

basic regular structure. This createsnoticeable artifacts in the image. Method B sets the pixels in

an order dependent on the underlying image. This causesa variation in the structure which not

only reducesthe intro duction of artifacts, but also preservesedgesand high frequency information.

Halftoning the image using importance driven halftoning has the advantage of easily limiting the

amount of ink usedin the image. This will be illustrated in section 4.5.3.

Thus, by scaling, thresholding, and re-orienting the display primitiv e, as well as altering the

type of display primitiv e importance driven halftoning can be usedto createvery di�eren t local and

global e�ects and yet still preserve important image attributes.

4.5 Alteration of Multiple Parameters

The previoussectionshowedhow altering the three usercontrolled parametersindividually cancreate

various e�ects. This section will illustrate results from altering theseparameterssimultaneously.

4.5.1 Imp ortance Function and Quan tit y of Displa y Primitiv es

Previously in this chapter the e�ects of changing both the importance function and the number of

display primitiv es simultaneously were illustrated. Figure 4.7 showed the result of using intensity

as the importance function and altering the number of display primitiv esboth above and below the

averagenumber ascalculated by equation 4.1. The results in �gure 4.7 can be comparedwith �gure

4.8 where gradient is the importance function and 25% of the averagenumber of display primitiv es

are used. These images show how very di�eren t results can be created through simultaneously

altering the importance function and the number of display primitiv es.

4.5.2 Lo cal Adjustmen t to Displa y Primitiv es and Limited Resource Ren-
dering

By adjusting the structure of the display primitiv e and restricting the resourcesimages can be

created that appear similar to sketchesof the original grey-scaleimage. In �gures 4.17 (a) and (b)

the importance function is intensity and the display primitiv e is a line segment using 50% of the

averagenumber of primitiv es. In �gure 4.17 (a) the line segment is oriented at 90o to the direction
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(a) (b)

Figure 4.17: Both imageshave intensity asthe importance function and a line segment asthe display
primitiv e. The line segments in both imagesare scaledto the gradient and thresholded. In the image
on the left (a) the line segment is rotated at 90o to the direction of the gradient and in the image
on the right (b) the line segments are rotated at 90o to the direction of the gradient in regions of
high gradient and at 45o to the direction of the image axis in regionsof low gradient. Both images
useapproximately 50% of the averagenumber of display primitiv es.

Figure 4.18: Importance function is inten-
sity. The display primitiv e usesa line seg-
ment scaled to the gradient and thresh-
olded. The line segments are rotated at 90o

to the direction of the gradient in regions
of high gradient and at 45o to the direction
of the imageaxis in regionsof low gradient.
Approximately 25%of the averagenumber
of display primitiv esare used.

Figure 4.19: Importance function is inten-
sity. The display primitiv e is a line seg-
ment scaled to intensity and thresholded,
rotated at 90o to the direction of the gradi-
ent. The averagenumber of display primi-
tiv esare used.
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(a) (b)

Figure 4.20: Both imagesuseintensity asthe importance function. The display primitiv e is a square
thresholded by method B using a clustered 4 � 4 threshold matrix. (a) 50% of the averagenumber
of display primitiv esare used; (b) 25% of the averagenumber of display primitiv esare used.

of the gradient creating a non-uniform and lessnoticeable texture. This image illustrates how edges

or outline is still preserved with lessresources.By preserving relative intensity using line segments

to enhanceoutlines the resulting image can appear similar to a sketch. In �gure 4.17(b) the line

segment is oriented at 45o to the direction of the image axis in regions of more uniform intensity

creating a more obvious texture in the image. By altering thesemultiple parametersthere are senses

of outline, relative-tone, and texture to these images. These are the primary components of non-

photorealistic images(seesection 2.4). Figure 4.18 useshalf the display primitiv esof �gure 4.17(b)

resulting in the appearanceof a rough sketch or draft version.

Traditional halftoned \lik e" results can be createdby altering the local placement of ink and the

number display primitiv es. In �gure 4.19 the averagenumber of display primitiv esare usedand the

display primitiv es(line segments) are scaledand thresholded. A more detailed comparisonof these

results will be made in chapter 5, section 5.2.

4.5.3 Ease of Ink Reduction in Traditional Techniques

Finally, results similar to traditional threshold matrix results can be created with compensation

for hardware limitations. As mentioned in chapter 1, laser printers do not have the abilit y to

independently set pixels especially white pixels surrounded by black, due to dot gain. Importance

driven halftoning provides an easymethod for reducing the amount of ink usedto render the image

even with traditional halftoning techniques. Figure 4.20(a) uses 50% of the number of display

primitiv es as determined by equation 4.1 and �gure 4.20(b) uses25% of the average number of

display primitiv es. Since the distribution of display primitiv es is relative to the number of display

primitiv es this causesthe dark regions to becomerelatively lessdark than the light regions. This
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can be useful for displaying imageson devicessuch as laser printers where the ink tends to bleed

and the intensities near the dark end of the spectrum can sometimesbe lost.

4.6 Chapter Summary

This chapter has shown how altering the three user controlled parameterscan drastically alter the

results obtained from the halftoning process.It hasalsoshown how altering the importance function

allows the user to place emphasisor priorit y on certain image attributes, as well as weight multiple

important attributes to assessrelative importance. Results using intensity, variance, gradient and

combinations of thesefunctions for the importance function wereillustrated. Using theseimportance

functions wasshown to be useful in preservingboth relative intensity and contrast or edges.Altering

the number of display primitiv eshasbeenshown to alter the overall look of the imageby decreasing

or increasing the amount of ink used to render the image. The abilit y to control the amount of

ink can be useful in creating rough or draft versions of the image or for emphasizingor possibly

distorting important attributes of the image. Reducingor increasingthe number of display primitiv es

when using intensity as the importance function was shown to not only alter the overall darkness

or brightness of the image, but was also shown to be useful in the control over contrast. Over

emphasizingthe number of display primitiv esenhancescontrast and reducing the number of display

primitiv es lessenscontrast. Reducing the number of display primitiv es is useful in creating reduced

resource rendered images while still retaining important image attributes. Finally, the type of

display primitiv e has been shown to be useful in creating an overall texture in the image. Three

di�eren t types of display primitiv es were used: an individual pixel, a line segment, and a square

4 � 4 region of pixels. Varying the type of display primitiv e produced di�eren t results. The local

placement of ink was further controlled by adjusting the structure of the display primitiv e to image

properties. This was done using three techniques: scaling, rotation, and thresholding. Aligning

display primitiv es semi-uniformly was shown to be useful in the creation of texture. Using line

segments with various importance functions, such as gradient and variance create e�ects similar to

sketches or outlines. Using squareregions and thresholding produced results similar to traditional

threshold matrix halftoning results. This is useful in creating non-photorealistic e�ects.

These three user controlled parameterswork together to create alterations in tone, texture and

outline of the image. Ultimately , having control over these properties of the image allows the user

to create very di�eren t and interesting results.
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Chapter 5

Evaluation of Imp ortance Driv en
Halftoning

This chapter evaluates importance driven halftoning in the context of current assessment methods.

Evaluation of this technique will be performed by assessingthe advantagesand disadvantagesof the

importance driven halftoning processand the results of this halftoning technique. The technique

will be assessedby analyzing memory requirements and computational complexity compared to

other halftoning techniques. The halftoned results from importance driven halftoning will then be

evaluated. In the �elds of both computer graphics and image processingthere is a need for the

assessment or evaluation of rendered or processedimages. Both of these �elds have adapted two

main methods for image assessment: qualitativ e and quantitativ e measurements. This chapter will

qualitativ ely assessthe results of importance driven halftoning by visually comparing components

of the image. The quantitativ e assessment of our results will be made using two measuresproposed

by Ulichney [Ulic87] and Veryovka et al [Very98].

5.1 Evaluation of Imp ortance Driv en Halftoning Pro cess

Most traditional halftoning techniquesweredesignedto require only oneor two scanlinesof memory

due to printer memory limitations, aswell asweredesignedto be fast and simple sothat the halfton-

ing processcould be performed while the document is in the printer queue. With the availabilit y of

memory, other techniqueshave beendeveloped with objectivesother than memory restrictions and

computational simplicit y.

5.1.1 Memory Requiremen ts

Error di�usion techniques such as Floyd-Steinberg's error di�usion typically require approximately

two scanlinesof memory. Traditional threshold matrix halftoning techniques only require enough

memory to store a single pixel value and the size of the threshold matrix. Research is currently

being doneon the creation of large dither matrices. As the dither matrices becomelarger and larger

more memory is required for these techniques. Optimization techniques tend to use more memory
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than both error di�usion and threshold matrix techniques. Analoui and Allebach [Anal92] created

an optimized halftoning technique basedon a model of the human visual system. They adapted

error di�usion to look ahead to monitor the di�usion of error. To do this they build a binary tree of

possiblepixel settingsand error di�usions. Thus, the memory neededis 2� SizeOf Scanline� (2k � 1)

where k is the depth of the binary tree.

Importance driven halftoning trades o� memory for computational complexity. The amount of

memory required is approximately 3=2 times the size of the image. This is required to build the

pyramidal structure that is essential for the distribution of display primitiv es. Thus, importance

driven halftoning requiresmore memory that traditional halftoning techniques,but tends to useless

than most of the optimized methods of halftoning.

5.1.2 Complexit y

As mentioned previously most traditional halftoning techniques were designedwith simplicit y in

mind. Typical error di�usion techniques, speci�cally Floyd-Steinberg's error di�usion, perform �v e

operations (size of error matrix + 1) per pixel and threshold matrix methods only perform one

operation per pixel. Techniques that combine both error di�usion and threshold matrix methods

tend to encompassthe complexity of both. Finally, other optimization methods ([Mull92 , Papp92,

Zakh92]) usere-iterativ e halftoning processes.This meansthat the complexity of the whole process

is multiplied many times before an optimized solution is reached. Analoui and Allebach's [Anal92]

optimized halftoning technique could result in (2k � 1) � (n � m) operations where k is the depth

of the binary tree and n � m is the size of the image. This is in addition to the evaluation of the

stopping condition after each iteration.

Importance driven halftoning is more complex than the traditional methods, but lesscomplex

than optimized methods. To build the pyramid the following number of operations are needed:

log4(n � m) + Importance Fcn Complexity � (n � m)

wheren� m is the sizeof the image. To actually set the pixels or display primitiv esat most 3=2� n� m

operations are needed. The complexity of this technique is comparable to Floyd-Steinberg's error

di�usion.

5.2 Evaluation of Imp ortance Driv en Halftoning Results

There are two main methods of evaluating halftoned results: qualitativ e and quantitativ e. Qual-

itativ e assessment of images relies heavily on the human visual system and the observations of

participants for assessment. Hencetheseassessments of imagestend to be highly subjective. Quan-

titativ e measuresprovide a more objective assessment of images. However, these assessments are

generally lesscomplete since there does not currently exist a metric for evaluating all dimensions
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Figure 5.1: Floyd-Steinberg error di�usion
halftoning

Figure 5.2: Threshold Matrix Clustered
Ordered Dither using a 4x4 threshold ma-
trix as shown in section 5.2.1.

necessaryto assessthe image. In this section, a set of imagesare presented to the reader for per-

ceptual comparison. As well, two quantitativ e metrics that measuredi�eren t image attributes are

presented in order to objectively compare results from our halftoning technique with results from

other halftoning techniques.

5.2.1 Comparison with Curren t Techniques

Due to the lack of an complete metric, one of the current methods of assessment usedin halftoning

is visual comparison. Figure 5.1 is halftoned using Floyd-Steinberg's error di�usion with serpentine

traversal of the image. Figure 5.2 is clustered ordered dither threshold matrix halftoning and �gure

5.3 is dispersed ordered dither threshold matrix halftoning. These two �gures use the following

threshold matrices respectively:

Clustered
�
�
�
�
�
�
�

14 12 13 16
5 4 3 10
6 1 2 11
9 7 8 15

�
�
�
�
�
�
�

Dispersed
�
�
�
�
�
�
�

10 6 11 7
4 14 1 15
12 8 9 5
2 16 3 13

�
�
�
�
�
�
�

Figures 5.4 to 5.6 are imageshalftoned using importance driven halftoning. Figure 5.5 usesintensity

as the importance function, a single black pixel as the display primitiv e, and an averagenumber of

display primitiv es. Figure 5.6 is the sameas �gure 5.5 except it uses40% more display primitiv es.

This excessnumber of display primitiv es,as mentioned in chapter 4 improvesor enhancescontrast.

Figure 5.4 usesintensity as the importance function. The display primitiv e is a line segment scaled

to intensity, thresholded, and rotated at 90o to the direction of the gradient. This image also uses

an averagenumber of display primitiv es.
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Figure 5.3: Threshold Matrix Dispersed
Ordered Dither using a 4x4 threshold ma-
trix as shown in section 5.2.1.

Figure 5.4: Importance Driv en Halfton-
ing using intensity as the importance func-
tion. The display primitiv e is a line seg-
ment scaledto intensity, thresholded, and
rotated at 90o to the gradient. This image
usesan average number of display primi-
tiv es.

Figure 5.5: Importance Driv en Halftoning
using intensity as the importance function.
The display primitiv e is a single pixel and
an averagenumber of display primitiv esare
used.

Figure 5.6: Importance Driv en Halfton-
ing using intensity as the importance func-
tion. The display primitiv e is a singleblack
pixel. The number of display primitiv es
used is 40% more than the average num-
ber needed.
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Theseimagescan be comparedby analyzing the common components of halftoned images,such

asgrey scaleintensity reproduction, edgeor high frequencyinformation preservation, and unwanted

artifact intro duction. Comparing importance driven halftoning with traditional techniques reveals

that importance driven halftoning (�gure 5.5) reproducesapproximately the samenumber of grey

tones as the traditional techniques in �gures 5.1 and 5.2 and has less quantization bands than

dispersed ordered dither in �gure 5.3. Areas of uniform intensity or uniform increasing intensity

(i.e. the shoulder) look slightly more grainy with importance driven halftoning than with Floyd-

Steinberg's error di�usion, but lessgrainy than with clustered ordered dither or dispersedordered

dither. The high frequency information (i.e. edges)seemto be preserved in importance driven

halftoning (�gures 5.5 or 5.6) better than in both of the threshold matrix images(�gures 5.2 and

5.3) as well as Floyd-Steinberg's error di�usion. This can be illustrated by analyzing the creasesin

both the ribb on and the top part of the hat. Theseattributes are preserved in �gure 5.5, but seem

to be non-existent in the other images. Both importance driven halftoning and Floyd-Steinberg's

error di�usion tend to intro duceunwanted artifacts in other areas,such as the cheekand top part of

the background in �gure 5.1 and the lips and vertical rail in the left part of the image in �gure 5.5.

The importance driven halftoning technique illustrated in �gure 5.6 hasenhancedthe contrast in the

image. It revealssimilar properties of preserving the details in the hat and ribb on and has reduced

the regular artifacts in the lips and rail, but intro ducesa more grainy e�ect to the entire image.

Basedon theseobservations we claim that importance driven halftoning adequately reproducesthe

grey-scaleintensities, intro ducessimilar unwanted artifacts as error di�usion (better than threshold

matrix methods), and preserves high frequency information better than both error di�usion and

threshold matrix methods.

5.2.2 Quan titativ e Measures

The results of importance driven halftoning will be analyzed using two quantitativ e metrics. The

�rst metric was de�ned by Ulichney [Ulic87] and is an analysis of the presenceof various frequency

information and symmetry of signal and noiseinformation in the image. The secondmetric hasbeen

proposedby Veryovka et al [Very98] to measurethe high frequencyinformation for the preservation

of edgesin the original image and the intro duction of unwanted edgee�ects. This metric measures

these edge e�ects at multiple resolutions, and thus attempts to account for the visual system's

abilit y to perceive and form interpretations at multiple resolutions. First details of Ulichney's image

frequencymetrics will be outlined. The results from evaluating this metric on three levelsof grey will

then be presented. Second,details of the edgemetrics proposedby Veryovka et al will be outlined

and the results of evaluating thesemetrics on two test imageswill be presented.
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Figure 5.7: Segmenting of the spectral es-
timates. Each spectral estimate is parti-
tioned into annuli of width �. From these,
the samplesare taken to calculate the radi-
ally averagepower spectrum as calculated
by equation 5.1.
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Figure 5.8: Spectral Characteristics of a Well
Formed Dither Pattern. An ideal dither pat-
tern will have very few frequenciesbelow the
principle frequency f g, peak at the principle
frequency and then decreaseand level out af-
ter the principle frequencyhas beenreached.

Image Frequency Metrics - Details

Ulichney's book [Ulic87] discussestwo metrics for evaluating a constant �xed tone grey-scaleregion.

One metric describes the distributions of frequencieswithin the uniform grey-scaleregion and is

called the power spectrum. This is equivalent to describing the distribution of black pixels within

the spatial domain. The secondmetric analyzes the symmetry of the distribution. As Ulichney

[Ulic87] states \A desirable attribute of well produced aperiodic halftone of a �xed grey level is

radial symmetry; directional artifacts are perceptually disturbing." This is a measureof anisotropy.

The graph of the power spectrum can reveal the quality of the resulting dither pattern. The

power spectrum is calculated by constructing spectral estimates in a similar fashion to the method

usedin Ulichney's book. The estimate ~P(f ) of P(f ) is constructed using Bartlett's Method [Bart55]

of averagingperiodograms. Theseperiodogramsare the magnitude squaredof the Fourier transform

of the sampleoutput divided by the samplesize. All of the following estimateshave beenproduced

using 10 sampleseach of 128� 128pixels from a halftone rendering of a �xed grey level. The samples

are not placed near the edgesof the halftoned image due to existenceof artifacts at the edgesof

imagesthat are not present throughout the rest of the halftoned image. Each spectral estimate ~P(f )

can be partitioned into annuli of width � for regular rectangular (see�gure 5.7) or hexagonalgrids.

In this thesis we are only concernedwith rectangular grids. Each annulus has a radial frequency

f r and N r (f r ) frequencysamples.From this, the radially averagedpower spectrum is calculated as

follows:

Pr (f r ) =
1

N r (f r )

N r ( f r )X

i =1

~P(f ) (5.1)
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Figure 5.9: The Principle Frequencyf g is a function of the grey level and is calculated asin equation
5.2.

for each radial frequencyr . Finally the power spectrum data is normalized by the variance, � 2
g which

is calculated as � 2
g = g � (1 � g). This normalization is neededto render all plots on a relative scale

sincethe spectral energy increaseswith � 2
g .

Ulichney describes the spectral characteristics (graph of the radially averagedpower spectrum)

of a well formed dither pattern to be the following:

1. Low frequencycuto� at principal frequency

2. Sharp Transition region

3. Flat high frequency \Blue Noise" region

Thesecharacteristics are illustrated in �gure 5.8. The principal frequency, f g is calculated as follows

(shown in �gure 5.9)

f g =
�

g0:5 if g < 0:5
(1 � g)0:5 otherwise

(5.2)

Anisotropy measuresthe radial symmetry of frequenciesin a halftoned imageof a �xed grey level.

The radial symmetry can be qualitativ ely assessedusing three dimensional plots of ~P(f ). From the

radially averagedpower spectrum the samplevariance can be calculated as follows:

s2(f r ) =
1

N r (f r ) � 1

N r ( f r )X

i =1

( ~P(f ) � Pr (f r ))
2

From this the measureof anisotropy can be calculated as de�ned by Ulichney as:

s2(f r )
P2

r (f r )
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This is a measureof the relative variance of frequency samplesfor each radial frequency r . This

measurehas also beendescribed as the coe�cien t of variance or \noise-to-signal" ratio. The graphs

will be plotted in decibels of this measuredue to the range of values. Assuming P(f ) is perfectly

radially symmetric, an anisotropy measureof 1
10 or -10dB canbeconsideredto be\background noise"

(seeUlichney [Ulic87] p.59 for details) since only 10 periodograms are used. Hence, a measureof

anisotropy closeto this value indicates a halftone that is fairly radially symmetric.

Image Frequency Metrics - Results

In �gures 5.10 to 5.15Floyd-Steinberg's error di�usion is comparedwith importance driven halfton-

ing by analyzing both the radially averagedpower spectrum and anisotropy measuresfor three �xed

levels of grey.

Figures 5.10 and 5.11 show the power spectrum and anisotropy plots for importance driven

halftoning and Floyd-Steinberg's error di�usion for grey level 0.25. The principle frequency at this

level of grey is 64. Both techniques have a low frequency cuto� at the principle frequency, however

Floyd-Sternberg' error di�usion has slightly less low frequency information before f g. Thus, both

techniques at this grey level seemto have similar frequency distributions (see �gures 5.10(b) and

5.11(b)). The anisotropy plots (see�gures 5.10(a) and 5.11(a)) reveal that Floyd-Steinberg's error

di�usion is slightly lessradially symmetric than importance driven halftoning. This is shown by the

anisotropy graph in �gure 5.11(a) having generally lower valuesthan the anisotropy graph in �gure

5.10(a).

Figures 5.12 and 5.13 show the power spectrum and anisotropy plots for importance driven

halftoning and Floyd-Steinberg's error di�usion for grey level 0.5. The principal frequency at this

level of grey is 90. Comparing the power spectrums (see�gures 5.12(b) and 5.13(b) ) at this level

of grey, show that importance driven halftoning has more energyconcentrated in frequenciesbelow

the principal frequency cuto� than Floyd-Steinberg's error di�usion. However, importance driven

halftoning appears to be much more radially symmetric than Floyd-Steinberg's error di�usion as

seenby �gures 5.12(a) and 5.13(a).

Finally �gures 5.14 and 5.15 show Ulichney's metrics for grey level 0.75 and principal frequency

64. With this grey level importance driven halftoning has relatively the same amount of energy

concentrated in frequenciesbelow the principal frequency as Floyd-Steinberg's error di�usion (see

�gure 5.14(b) and 5.15(b)), however there seemsto be a more de�nite peakand leveling out after the

principal frequency with importance driven halftoning than with Floyd-Steinberg's error di�usion.

The radial symmetry seemsto be relatively the sameas well, except, onceagain there seemsto be

de�nite spikesin the anisotropy with importance driven halftoning (see�gures 5.14(a) and 5.15(a)).
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Importance Driv en Halftoning grey=0.25

(a) Ulichney's Anisotropy Plot

(b) Ulichney's Power Spectrum Plot

Figure 5.10: Importance Driv en Halfton-
ing, grey=0.25, f g = 64

Floyd Steinberg's Error Di�usion grey=0.25

(a) Ulichney's Anisotropy Plot

(b) Ulichney's Power Spectrum Plot

Figure 5.11: Floyd-Steinberg's Error Dif-
fusion, grey=0.25, f g = 64
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Importance Driv en Halftoning grey=0.5

(a) Ulichney's Anisotropy Plot

(b) Ulichney's Power Spectrum Plot

Figure 5.12: Importance Driv en Halfton-
ing, grey=0.5, f g = 90

Floyd Steinberg's Error Di�usion grey=0.5

(a) Ulichney's Anisotropy Plot

(b) Ulichney's Power Spectrum Plot

Figure 5.13: Floyd Steinberg's Error Dif-
fusion, grey=0.5, f g = 90
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Importance Driv en Halftoning grey=0.75

(a) Ulichney's Anisotropy Plot

(b) Ulichney's Power Spectrum Plot

Figure 5.14: ImportanceDriv enHalftoning
grey=0.75, f g = 64

Floyd Steinberg's Error Di�usion grey=0.75

(a) Ulichney's Anisotropy Plot

(b) Ulichney's Power Spectrum Plot

Figure 5.15: Floyd Steinberg's Error Dif-
fusion grey=0.75, f g = 64
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Figure 5.16: Original imagesfor edgeevaluation in chapter 5.

Figure 5.17: Left to Right: 4x4 DispersedOrdered Dither; Floyd-Steinberg Error Di�usion; Impor-
tance Driv en Halftoning

Figure 5.18: Top: Halftoned Images; Bottom: Edge errors detected; Left to Right: 4x4 Clustered
Ordered Dither; 4x4 DispersedOrdered Dither; Floyd-Steinberg Error Di�usion; Importance Driv en
Halftoning
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Halftoning Technique Values scale1 scale2 scale3 scale4 scale5
Disperseddither Min 26.719 8.871 0.484 0.619 0.220

Average 101.298 16.273 5.439 5.627 5.285
Max 120.443 31.937 20.822 18.303 16.862

Floyd-Steinberg Min 85.166 1.774 0.171 0.560 0.015
Average 103.979 14.406 5.257 5.728 3.022
Max 120.443 33.336 26.964 23.674 21.853

Importance Driv en Halftoning Min 14.361 1.774 2.065 1.619 0.219
Average 98.352 22.127 8.655 8.145 3.107
Max 120.443 44.357 22.134 16.684 16.016

Table 5.1: This table re
ects the strength of edge artifacts across�v e scales. The results of the
artifact minimum, average,and maximum strength edgesare shown.

Multi-scale Edge Metrics - Details

Ulichney's metrics are good for measuringfrequencydistributions within grey-scaleimages,but this

does not account for another important attribute in halftoning, edges. Veryovka et al citeVery-

ovka98proposeda metric for measuringedgesat multiple scales.This metric not only measuresthe

distortion of edgesbetweenthe original imageand the halftoned image,but also the lack of edgesin

the halftoned imagethat are present in the original imageand the presenceof edgesin the halftoned

image that did not exist in the original image. They call this a measureof edge preservation and

creation of edgeartifacts. Sinceedgesare consideredhigh frequency information this metric is able

to detect high frequency information over multiple scales.This multi-scale analysis is done using a

wavelet transform. Extracting extrema points from wavelet transforms and constructing scalebased

edgecontours allow for the identi�cation of discontinuities and the measurement of their signi�cance.

In their paper [Very98] they showed that these measurescan be used to both measure�delit y of

edgereproduction and reliably identify edgeartifacts.

The two original grey-scaleimagesusedfor the two measuresof edgeartifacts and edgepreserva-

tion are shown in �gure 5.16. The image on the left is a continuous tone computer generatedramp

from black to 75%black. This image is usedto indicate the intro duction of artifacts into continuous

tone regions - edge artifacts. The image on the right is a 50% black image with a band of white,

a band of a continuous tone ramp from black to white and a band of black. This image provides

di�eren t edgesde�ned by di�eren t changesin intensity. It is used to indicate the destruction or

preservation of edges- edgepreservation.

Multi-scale Edge Metrics - Results

Table 5.1 shows the results of using the edgeartifact measurefrom Veryovka et al [Very98] on the

imagesin �gure 5.17. The valuesreported in this table re
ect the strength of the unwanted artifacts

where a higher value indicates more artifacts. The table shows the minimum, average,and maxi-

mum valuesof the edgestrength. By analyzing the three valuesan idea of both the averageand the

distribution can be formulated. On scale1 all three metrics have the samemaximum values. Im-
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Halftoning Technique Minim um Average Maximum
Clustered dither -6.034 5.087 80.468
Disperseddither -5.679 5.463 79.723
Floyd-Steinberg -5.779 3.289 83.600
Importance Driv en halftoning -6.624 4.148 71.746

Table 5.2: This table re
ects the preservation of edges.A negative edgevalue represents unwanted
smoothing of the edgesduring the halftoning process.A positive value represents an edgethat has
beenexaggeratedor enhancedduring the halftoning process.

portance driven halftoning intro ducesedgesthat are weaker on averagethan both Floyd-Steinberg's

error di�usion and dispersedordereddither. By analyzing the three values,it can be concludedthat

importance driven halftoning intro ducesmore weak edgesthan the other two methods, accounting

for the drop in the averagereported edgestrength. At the secondscaleimportance driven halftoning

doesworseon averagethan both of the other halftoning techniques. The minimum strength edgeis

as small as Floyd-Steinberg's, however the maximum strength edgeis larger than both techniques,

thus accounting for the increasein average value. On scales3 and 4 the average values for im-

portance driven halftoning is again higher than both the others. However, the maximum strength

edgeon both scalesis lower than Floyd-Steinberg's error di�usion. The minimum edgestrength for

importance driven halftoning on thesetwo scalesare, however higher causingthe increasein average

values. On scale5 the averagevalue edgestrength for importance driven halftoning is comparable

to Floyd-Steinberg's error di�usion and is lower than dispersedordered dither. The maximum and

minimum edgestrength valuesfor importance driven halftoning are comparableto dispersedordered

dither and lower than Floyd-Steinberg's error di�usion.

Table 5.2 shows the results of measuring edgepreservation on imagesshown in the top row of

�gure 5.18. This measuretakes into account that the human visual system does not detect small

shifts in the positioning of the edge, as long as the edge geometry is preserved. Also very small

edgesare either not noticed or are noticed asnoiseor artifacts rather than edges,so thesehave been

discarded. The valuespresented in the table measurethe edgedistortions on scale4. Thus a value

of zero is the most desirable result. A negative value represents smoothing of the edgethroughout

the halftoning processand a positive value represents an exaggerationof the edgethroughout the

halftoning process. Importance driven halftoning has lessdistortion of edgeson averagethan both

threshold matrix techniques,however is not quite as good as Floyd-Steinberg's error di�usion. It is

alsoshown that importance driven halftoning tends to exaggerateedgesmore than Floyd-Steinberg's

error di�usion, but less than the other two methods. However, the maximally exaggeratededges

are less exaggeratedwith importance driven halftoning than with any of the other techniques.

The bottom row of �gure 5.18 illustrates the results in table 5.2 by graphically depicting the edge

distortions on scale4. Theseimagesshow edgesthat have either beensmoothed out or exaggerated

from the original image. As shown, importance driven halftoning distorts edgesalong the black and

white bands more than dispersedordered dither, but similar to or lessthan other techniques. The
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edgedistortion along the ramp with importance driven halftoning is similar to other techniques. In

fact, somemay say, that in these regions importance driven halftoning distorts edgesslightly less

than both clustered ordered dither and Floyd-Steinberg's error di�usion.

5.2.3 Summary of Photorealistic Quan titativ e Evaluation

Ulichney's measureof power spectrum and anisotropy both show that photorealistic importance

drivenhalftoning resultsarevery similar to Floyd-Steinberg'serror di�usion results. The distribution

of frequenciesaround the principle frequency for the chosengrey-scaleintensity seemto be quite

similar. Importance driven halftoning seemsto be slightly more radially symmetric than Floyd-

Steinberg's error di�usion on average.

The measureof edgeartifacts proposedby Veryovka et al revealsthat on scales1 and 5 importance

driven halftoning performs as well as Floyd-Steinberg's error di�usion, however on scales2 to 4 the

averageedgeartifacts intro ducedarestronger and moreapparent, but the strongestedgesintro duced

areweaker with importancedrivenhalftoning than with Floyd-Steinberg'serror di�usion or dispersed

ordereddither. The measureof edgepreservation revealsthat importance driven halftoning distorts

edgeslessthan threshold matrix methods, but slightly more than Floyd-Steinberg's error di�usion.

It also revealsthat on averageimportance driven halftoning exaggeratesthe edgesmore than Floyd-

Steinberg's error di�usion, but lessthan threshold matrix techniques.

In summary, importance driven halftoning hasresults similar to Floyd-Steinberg's error di�usion

results both with the frequency distributions as well as with the intro duction of edgeartifacts and

the preservation of edges.Theseresults correlate with the results of our visual assessment in section

5.2.1

5.3 Chapter Summary

In this chapter the memory and computational needsof the importance driven halftoning process

have been presented. The results of this processhave also been analyzed both perceptually and

quantitativ ely. Visually comparing the results of importance driven halftoning with other traditional

halftoning methods such as threshold matrix and error di�usion methods, show importance driven

halftoning to produceimagessimilar to Floyd-Steinberg'serror di�usion results with a slightly better

preservation of high frequency information.

Importance driven halftoning has been evaluated quantitativ ely using two metrics: Ulichney's

metrics of image frequency information in regions of �xed grey level and metrics of multi-scale

edgeanalysisproposedby Veryovka et al. Ulichney's power spectrum and anisotropy measuresboth

show that the results from importance driven halftoning are comparable to Floyd-Steinberg's error

di�usion. The measuresof edge e�ects proposed by Veryovka et al have shown that importance

driven halftoning has similar edgeartifacts as Floyd-Steinberg's error di�usion. The measuresalso

showed that importance driven halftoning distorts edgesin a similar manner to Floyd-Steinberg's
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error di�usion but on averageexaggeratingthe edgesrather than smoothing them as is common in

error di�usion techniques.

Thus, importance driven halftoning producesphotorealistic halftoned results similar to results of

Floyd-Steinberg's error di�usion, however with the 
exibilit y and tailorabilit y of parametersa wide

variety of other e�ects can be created using this technique. Also, sincethis technique is able to use

a generic importance function to partially determine the distribution of ink, it is adaptable to new

knowledgeof the human visual system.
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Chapter 6

Conclusions

This thesis presented a new halftoning technique called, importance driven halftoning. An overview

of the halftoning literature and the basics of the human visual system was presented in order to

provide motivation for the design of this new halftoning technique. The details and parameters of

importance driven halftoning werediscussedand various results werepresented. Finally, importance

driven halftoning was evaluated using both simple visual comparisonand two quantitativ e metrics.

The technique was found to produce results similar to Floyd-Steinberg's error di�usion, while al-

lowing the user to retain control over the parameters of the technique. This not only allowed for

the creation of traditional halftoning results, but also proved to be useful in the creation of limited

resourceand non-photorealistic rendering results.

6.1 Summary of Ob jectiv es

Previous halftoning techniqueshave beendesignedaround a speci�c imageattribute or for a speci�c

display device. Initially , halftoning techniques were developed solely to preserve the reproduction

of grey-scaleintensities. As these techniques evolved new focusesdeveloped such as edge (high

frequency information) preservation, lack of unwanted artifacts, contrast etc... Regardlessof the

focus, the problem of halftoning has remained the same,namely:

1. How much ink or black pixels should be used?

2. How should this ink be arranged?

The proper amount of ink must be used in order to create the illusion of tone and the pixels of ink

must be arranged in such a manner as to preserve imageattributes (detail, edges,contours) and yet

not create unwanted or false attributes that were not present in the original image. This thesis did

not focus on determining the best amount or arrangement of ink, but presented a technique which

allows the user to control both of theseparameters for the creation of speci�c desirede�ects.
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6.2 Technique Summary

Importance driven halftoning was designedto allow the user to specify important image attributes

and henceidentify which attributes should be preserved throughout the halftoning process.Keeping

in mind that the human visual system works on multiple scales,our new halftoning technique uses

a multi-scale or multiple resolution representation. This representation helps identify the presence

of important attributes at multiple scalesand allows for the preservation of these attributes over

multiple scales.Importance driven halftoning allows the user to have control over three parameters:

1. importance function

2. number of display primitiv es

3. local arrangement of display primitiv es

The multi-resolution structure used in importance driven halftoning in conjunction with the three

user controlled parametersdictate how much ink (black pixels) is usedand how the ink is arranged

in the image.

6.3 Results Summary

In this thesis various results obtained from altering the three user-controlled parameters were pre-

sented. The parameters were altered both individually and in combination with each other to

illustrate their contribution to the results.

Di�eren t importance functions were tried including intensity, variance, gradient, and combina-

tions of thesethree. Using intensity as the importance function yields results similar to traditional

halftoning results. Using varianceand gradient as the importance functions emphasizesthe edgesor

regionsof high contrast in the image. Allowing the userto specify a genericimportance function, not

only causesthe halftoning to be tailorable to speci�c attributes, but alsoto weighted combinations of

theseattributes. The usermay construct a weighted importance function combining several di�eren t

importance attributes in order to create a rated precedencefor the preservation of multiple image

attributes. Combining intensity and gradient or variance as importance functions yields results

similar to traditional halftoning results with edgeor high frequency information enhancement.

Altering the number of display primitiv es presented the possibility of creating both limited re-

sourcerendered imagesand imageswith emphasizedattributes as well as imagessimilar to those

created using traditional halftoning methods. Using intensity as the importance function and al-

tering the number of display primitiv es results in a changein intensity proportional to the number

of display primitiv es. This meansan increasein the number of display primitiv escausesthe entire

image to becomedarker, but the darker regions becomeproportionally more dark than the lighter

regions due to the percentage di�erence in intensity and the dependenceon the number of display
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primitiv es. This may causean increasein contrast as the number of display primitiv esreach exces-

sive amounts. Thus, by altering the number of display primitiv esvarious e�ects, including contrast

enhancement can be achieved. Having the number of display primitiv esbe user-controlled not only

allows for the creation of traditional halftoned imagesbut also permits the creation of imagesusing

restricted resourcesor imageswith over enhancedor distorted attributes. The limited resourceop-

tion can be useful for displaying imageson deviceswhere ink bleeds(i.e. laser printers) and hence

less ink is desirable. This option can also be useful in the creation of draft copies of documents

where the use of maximum resourcesare expensive and not necessarilyrequired. Specifying an

excessnumber of display primitiv es for the over-emphasisor distortion of image attributes can be

usedwhen alternate, non-photorealistic e�ects are desired.

Finally, it was shown that altering the type and shape of the display primitiv e can causethe

creation of local e�ects or texture. The ink may be locally arranged on a pixel by pixel basis, or

arrangements of ink in line segments or squares(clusters) may be chosen. Results wereshown using

scaled, thresholded, and rotated line segments as a display primitiv e. These adjustments to the

display primitiv e were made both uniformly acrossthe image and according to underlying image

attributes. These results can be compared with typical pen-and-ink images. By using a threshold

matrix as a display primitiv e results similar to traditional threshold matrix halftoning were created

with the added abilit y of having control over the amount of ink used.

6.4 Evaluation Summary

Importance driven halftoning was evaluated by making visual comparisonswith results from tradi-

tional threshold matrix and Floyd-Steinberg's error di�usion methods. Comparisonswere made of

such image attributes as regionsof uniform, constant, increasing,and decreasingintensities, edges,

high frequency regions, and contrast. By visually making these comparisons, importance driven

halftoning was found to produce results similar or comparable with Floyd-Steinberg's error di�u-

sion, with a slightly better preservation of high frequency information.

Importance driven halftoning was also evaluated using two quantitativ e metrics. The �rst was a

measureof frequencydistributions and symmetry within the halftoned imageproposedby Ulichney.

The secondwas a measureof the reproduction of edgesor high frequency information over multiple

scalesproposedby Veryovka et al. Using importance driven halftoning with parametersfor creating

results similar to traditional halftoning methods, Ulichney's metrics werecomputed on various �xed

levels of grey for the analysis of frequency information. Ulichney's metrics evaluated the power

spectrum and the anisotropy (symmetry). Once again, importance driven halftoning was shown to

yield results similar to Floyd-Steinberg's error di�usion for both of these measures. The measure

of edgee�ects proposedby Veryovka et al revealed that the strength of edgeartifacts intro duced

into the image over multiple scalesis similar to the edgeartifacts intro duced by Floyd-Steinberg's

error di�usion. It was also shown that importance driven halftoning preserves edgesin the image
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better than threshold matrix techniques, and similar to, but with less smoothing of edgesthan

error di�usion techniques. These quantitativ e results rea�rm the results obtained from our visual

assessment.

In general, importance driven halftoning yields photorealistic results similar to traditional error

di�usion results. However, due to the 
exibilit y and tailorabilit y of this technique imagessimilar

to pen-and-ink renderings or other non-photorealistic renderings as well as renderings useful in

situations wherelimited resourcesare a bene�t canbe created. Several examplesof imagesgenerated

in this manner were presented.

6.5 Further Research

In this thesis a new halftoning method called importance driven halftoning was presented. The


exibilit y and tailorabilit y of this technique allows for the creation of many di�eren t e�ects. Further

research on this technique may involve the following:

1. The abilit y to set both black and white ink within a single image depending on the image

intensity for the purposesof guaranteed clustering of ink (clustered ordered dither type ap-

proach).

2. Abilit y to possibly re-distribute excessdisplay primitiv es to other regions of the image while

still having guaranteed relative importance betweenattributes.

3. Incorporation of an error di�usion type approach with importance driven halftoning. This may

involve calculating error at varying resolutions and distributing error within each resolution,

during the distribution or re-distribution of display primitiv es.

4. Abilit y to progressively add ink to the image. This could allow for the alteration of importance

functions and type of display primitiv e as ink is added(over di�eren t quantities of ink). Alter-

ing the display primitiv e during this processcould produce results similar to post-processing

edgeenhancement presented by Buchanan et al [Buch98b].

5. Explore the possibility of reducing ink in unimportant areasof the imageaswell asadding ink

to important attributes in as similar manner as (see[Schl96]).

6. Extend this technique to be useful in halftoning of 3D scenesas mentioned in [Haeb93].
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Glossary

Artifacts:
Unwanted connectedcomponents or high frequency image information.

Banding:
The appearanceof regular, usually false contours.

Blue noise:
An arrangement of pixels that has the frequencyof noise,but is lessgrainy than white noise.

Blue noisemask:
A �lter or mask usedto create an underlying structure of blue noise.

Color:
Light re
ected from an feature, object or image.

Continuous tone:
Containing an in�nite or non-discretenumber of tones.

Contour lines:
Lines de�ning the shape of a feature or object.

Dither:
In halftoning, the arrangement of pixels within an area, also known as spatial dithering.

Dot-gain:
Overlap of one pixel into another. Common in bleeding of ink on laser printers.

Error di�usion technique:
Halftoning techniques which di�use quantization error betweenone region of the image and
another.

Eight-connected:
Connectedto all eight neighboring pixels.

Halftone:
The processof creating the illusion of continuous tone using two discrete tones (usually black
ink on white paper).

Intensity:
Magnitude of tone.

Lithograph:
A print madeusingan image�xed on a stoneor metal plate with ink absorbingor ink repelling
vehicles.

Mezzotint:
An art-form from the 1600'sused to create the illusion of continuous tone imageson copper
plates using one tone of ink.
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Non-photorealistic:
Of non-photographic quality. Usually drawn, sketched or painted.

Non-photorealistic halftone:
A halftoned image that is similar to the original continuous grey-scaleimage, but will have
added artifacts and texture e�ects.

Photorealistic:
Of photographic quality.

Photorealistic halftone:
A halftoned image that appearsas visually similar to the original continuous tone grey-scale
image as possible.

Pixel:
A picture element.

Quantization error:
The di�erence between the original image intensity and the intensity approximated by the
binary image.

Stroke textures:
Textures created using line segments in di�eren t orientations, lengths, and density.

Threshold matrix:
A matrix de�ning the order and magnitude at which to set pixels.

Threshold matrix technique:
A halftoning technique involving the tiling of a threshold matrix over the image to determine
which pixels to set to black and which to set to white.

Tone:
Tin t or shadeof a color.

Weber Ratio:

A ratio between the background intensity and change in intensity de�ning the minimum

discernible changein intensity at various background illuminations.
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