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Abstract

This paper describes a new method fasualiz-

ing complex information spaces as painted images.
Scientific visualization converts data into pictures
that allow viewers to “see” trends, relationships,
and patterns. We introduce a formal definition of
the correspondence between traditional visualiza-
tion techniques and painterly styles from the Im-
pressionist art movement. This correspondence al-
lows us to apply perceptual guidelines from visu-
alization to control the presentation of information
in a computer-generated painting. The result is an
image that is visually engaging, but that also allows
viewers to rapidly and accurately explore and ana-
lyze the underlying data values. We conclude by
applying our technique to a collection of environ-
mental and weather readings, to demonstrate its vi-
ability in a practical, real-world visualization envi-
ronment.

Introduction

We address these goals by: (1) applying results from human
perception to create images that harness the strengths of our
low-level visual system, and (2) using artistic techniques from
the Impressionist movement to prodyz@nterly renditions
that are both beautiful and engaging. From an Al perspec-
tive, the contribution of this work is the identification of a
close relationship between specific painterly techniques and
the performance properties of human perception; our formal-
ization lays the groundwork for the generation of scientific
visualizations that are effective and aesthetically pleasing.

Our technique converts a collection of data values into a
painterly image as follows. First, one or more computer gen-
erated “brush strokes” are attached to each data element in
the collection. A brush stroke has style properteg(color,
length, or direction) that we can vary to modify its visual ap-
pearance. Data values in the data element are used to se-
lect specific states for the different properties. The result is
a stroke that represents its corresponding data element. Ren-
dering all of the strokes for every data element produces a
painterly image whose stroke properties visualize the under-
lying dataset.

The remainder of this paper describes in detail how each
step in this process is managed and controlled. We begin

Apy defining formalisms for: (1) a multidimensional dataset

representations of complex information spaces that suppofnd its visualization, and (2) the brush strokes that make up a
rapid and accurate exploration and analysis. Our techniqu%a'nterly image. We next present a set of perceptual rules on

falls within the domain ofscientific visualizationthe con-

version of collections of strings and numbers (or datasets,

they are often called) into images that allow viewersxe
plore, analyze, validateganddiscoverwithin their data. We

focused on two important issugSmith and Van Rosendale,

1999 during our investigations:

1. Multidimensional displaysOur technique must support

the use of color and texture in visualization that we extend via
r formalisms to the painterly domain. These rules ensure
the images we produce represent a dataset in a perceptually
salient manner. Finally, we discuss how our techniques were
used to visualize a real-world collection of environmental and
weather readings for the continental United States. We con-

clude with a summary and a short description of future work.

the visualization of multiple overlapping data fields to- 2 Formalisms

gether in the same display. This is much more difficult
than representing a single data field in isolation. Design
ing techniques to effectively represent multidimensional
datasets is an open area of research in visualization.

We began our investigation by identifying methods for build-
ing painterly images that we can use to represent multidimen-
sional datasets. A key insight is that many painterly styles
correspond closely to perceptual features that are detected by

. Aesthetic displaysWe also seek to create images thatthe human visual system. In some sense this is not surprising.

are visually engaging. We believe this will motivate Artistic masters understood intuitively which properties of a
viewers to study a visualization in more detail. It will painting would capture a viewer’s gaze, and their styles nat-
draw viewers into an image, and can be used to emphasrally focused on harnessing these features. Moreover, cer-

size areas of importance in a dataset.
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to help them understand how viewers would perceive their 2. Color acquires independenc&here is no constant hue
work. The overlap of artistic styles and perception offers a for an object, atmospheric conditions and light moder-
important starting point: the body of knowledge on the use  ate color across its surface; objects may be reduced to
of perception during visualization will help us to predict how swatches of color.
corresponding painterly styles might perform in the same en- 3
vironment. '
In order to make use of this advantage, we define a relation-
ship between traditional visualization techniques and painted o ] o .
images. This is done by constructing a correspondence be-4- Minimize perspectivePerspective is shortened and dis-
tween formal specifications of the two environments. The  tance reduced to turn 3D space into a 2D image.

correspondence can then be used to extend our perceptuab. Solicita viewer’s opticsStudy the retinal system; divide

Show a small section of naturg@he artist is not placed
in a privileged position relative to nature; the world is
shown as a series of close-up details.

guidelines to a painterly domain. tones as separate brush strokes to vitalize color rather

o _ _ o than graying with overlapping strokes; harness simul-
2.1 Multidimensional Visualization taneous contrast; use models from color scientists like
A simple formalization of a multidimensional visualization Chevreul[Chevreul, 196For Rood[Rood, 1879

consists of two parts: a description of the dataset, and a deflthough these general characteristics are perhaps less pre-
inition of the mapping function used to convert it into an im- cise than we might prefer, we can still draw a number of im-

age. A multidimensional datas® = {e;,...,e,} con-  portant conclusions. Properties of hue, luminance, and light-
tainsn samples points or data elements D represents ing were explicitly controlled and even studied in a scientific

two or more data attributed = {A;,...,4,,}, m > 1, fashion by some of the Impressionists. Rather than using an
data elements encode values for each attribute, that is,  “object-based” representation, the artists appear to be more
{aig, - - aim}, aij € Aj. concerned with subdividing a painting based on the interac-

Visualization begins with the construction of a data-featuretions of light with color and other surface properties. Addi-
mappingM (V, ) that converts the raw data into images thattional painterly styles can be identified by studying the paint-
are presented to the viewel/ = {V4,...,V,,} identifies  ings themselves. These styles often varied dramatically be-
a visual featuré/; to use to display data attributé;. ¢; :  tween individual artists, acting to define their unigue painting
A; — V; maps the domain of; to the range of displayable techniques. Examples include:
values inV;. Based on these definitions, visualization is the
selection of M and a viewer’s interpretation of the images
produced byM . An effective visualization choose¥ to
support the exploration and analysis tasks the viewer wants
to perform.

e path: the path or direction a brush stroke follows; Van
Gogh made extensive use of curved paths to define
boundaries and shape in his paintings; other artists fa-
vored simpler, straighter strokes,

¢ length: the length of individual strokes on the canvas,
often used to differentiate between contextually different
parts of a painting,

¢ density:the number of strokes laid down in a fixed area
of canvas,

3 Painterly Styles

Our investigation of painterly styles is directed by two sepa-

rate criteria. First, we restrict our search to a particular move-
ment in art known as Impressionism. Second, we attempt to
pair each style with a corresponding visual feature that has ® coarsenessthe coarseness of the brush used to apply

proven to be effective in a perceptual visualization environ- a stroke; a coarser brush causes visible bristle lines and
ment. There are no technical reasons for why Impressionism  surface roughness, and

was chosen over any other movement. In fact, we expect the o weight: the amount of paint applied during each stroke;
basic theories behind our technique will extend to othertypes  heavy strokes highlight brush coarseness and produce
of artistic presentation. For our initial work, however, we felt ridges of paint that cause underhanging shadows when
it was important to narrow our focus to a set of fundamental lit from the proper direction.

goals in the context of a single type of painting style.

The term “Impressionism” was attached to a small grou
of French artists (initially including Monet, Degas, Manet
Renoir, and Pissarro, and lateefznne, Sisley, and Van
Gogh, among others) who broke from the traditional school
of the time to approach painting from a new perspective. Th
Impressionist technique was based on a number of underlyi
principles (see alsfSchapiro, 199]j:

dbn this context, a painting® can be seen as a collectionrof

rush stroke® = {b1,...,b,}, with each stroke made up of

' p style propertiesS;, thatis,b; = {s;1,...,5i;}, si; € S;j.
Although it would be tedious (and perhaps uninformative)

o characterize areal painting in this manner, these definitions
ovide an effective way to relate the visualization process to
painted image. First, we can match many of the painterly

styles to visual features used during visualization. For exam-

1. Object and environment interpenetrateOutlines of  ple, color and lighting in Impressionism has a direct corre-
objects are softened or obscuredg(, Monet’s water  spondence to the use of hue and luminance in perceptual vi-
lilies); objects are bathed and interact with light; shad-sualization. Other style®(g.,path, density, and length) have
ows are colored and movement is represented as unfirsimilar partners in perceptior g.,orientation, contrast, and
ished outlines. size). Second, data elementsn a dataset are analogous to
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brush stroke$; in a painting. Attribute values; ; in element  color difference viewers perceive between pairs of colors.
e; could therefore be used to select specifig for each style  This allows:

inb;. ) o e perceptual balance:a unit step anywhere along the
Consider a data-feature mapping(V, ¢) in this context. color scale produces a perceptually uniform difference
The visual feature¥; € V' can be converted to their corre- in color,

sponding painterly styleS;. A/ now describes how to con-
vert a data elemenry; into painted brush strokig whose vi- . Lo .
sual appearance represents the attribute valugembedded every color is equally distinguishable from all the others
in e;. The close correspondenige «» S; between perceptual (i-e.,no color is “easier” or “harder” to identify), and
features and many of the painterly styles we hope to apply is e flexibility: colors can be selected from any part of color
particularly advantageous. Since numerous controlled exper-  space.

iments on the use of perceptual features have already be&fjandard color models like CIE LUV or CIE Lab use Eu-
conducted, we have a large body of evidence to use to predigligean distance to approximate perceived color difference.
how we expect painterly styles to react in a multidimensionalviore complex techniques extend this basic idea. For ex-

¢ distinguishability:within a discrete collection of colors,

visualization environment. ample, Rheingans and TebfRheingans and Tebbs, 1990
plotted a path through a color model, a allowed a viewer to
4 Perceptual Characteristics vary how colors are selected along the path. Ware constructed

color scales that spiral up around the luminance Ewiare,
®f984; such a scale maintains a uniform simultaneous con-
trast error along its length. Healey and Erh&ealey and

Past research has studied methods for applying rules of p
ception during visualizatiofiBergmanet al, 1995; Healey

a_r;_d Enl;l?t 1999f;tr|]?h?|ng?ns Iar?d Tebbs, 1‘?9%? CO%’ Enns, 1999showed that color distance, linear separation, and
nitve abriiies or the low-level human visual Systém have ., . cateqory must all be controlled to select discrete collec-
been studied extensively in the area of human psychophysu:ﬁOns of equally distinguishable colors

One interesting result is the identification of a limited set Our color selection technique combines different aspects of

of visual features that are detected rapidly, accurately, angd,qp, of these methods. A single loop spiraling up around the
\r/(\allewve%ggfo[lt_lﬁsslyfbyta human Y'?}Nﬁ;”‘iﬁman’ 19856' luminance axis is plotted in the region of CIE LUV space that

offe, 1994. These fealures are simiiar to the ones We diS¢.qontains our monitor’s color gamut. The path is subdivided
play during multidimensional visualizatio.g.,hue, lumi- 5. "named color regiong(g..a blue region, a green region,
nance, orientation, size, and motion). When comblne_d Propznd so on).n colors are then selected by choostagolors

I

ﬁlily, they ﬁ?‘“ t}e ug,eg tolperfortm e?iﬁloratori( ar;alys;;s .tbaikﬁniformly spaced along each of theolor regions. The result
Ikeé searching for data elements with a particular altnbul@q 5 get of colors selected from a perceptually balanced color

value, identifying boundaries between groups of elements, 0| ‘each with a roughly constant simultaneous contrast er-
with similar values, tracking elements as they move in time

e . ror, and chosen such that color distance and linear separation
and space, and estimating the number of elements with co ire constant within each named color region
mon values. The ability to harness the low-level visual sys- '
tem during visualization through the use of these features ig.2 Texture Selection

especially attractive, since: Although texture is often viewed as a single visual feature, it
e analysis is rapid and accurate, often requiring no moresan be decomposed into fundamental perceptual dimensions.
than 200 milliseconds, Research in computer vision has used properties like regular-
L . ity, directionality, and contrast to perform automatic texture
o task completion time is constant and independent of theegmentation and classification. Results from psychophysics
number of elements in a display, and have shown that many of these properties can also be detected
e different visual features can interact with one another toby the low-level visual system.
mask information; psychophysical experiments allow us One promising approach in visualization has been to use
to identify and avoid these interference patterns. the perceptual dimensions of a texture pattern to represent
. . multiple data attributes. Individual values in a data element
A data-feature mapping that builds on a perceptual foundasqniro| a corresponding texture dimension, producing a tex-
tion can support high-level exploration and analysis of 1arg&,re pattern that changes its visual appearance based on the
amounts of data in a relatively _short period of time. Our ré-nderlying dataset. Grinstein et dGrinsteinet al, 1989
cent work focuses on the combined use of fundamental profs,jjt “stick-man” icons to represent high dimensional data el-
erties of color and texture to encode multiple attributes in @ments: the orientation of each limb encodes a value for one
single display. We draw on three specific areas of research i ticylar attribute. Ware and and Knighare and Knight,
perception and visualization to guide the construction of 0un ggg gisplayed Gabor filters that modified their orientation,
brush strokes: color selection, texture selection, and featurgze, and contrast based on the values of three independent
hierarchies that can cause visual interference and masking. 45t attributes. Healey and Enhidealey and Enns, 1999
. constructed perceptual texture elements (or pexels) that var-
4.1 Color Selection ied in height, density, and regularity; their results showed that
Color is a common feature used in many visualization deboth height and density were perceptually salient, but regu-
signs. Some techniques attempt to measure and control tharity was not. More recent worlk\Veigle et al., 200d found
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that an orientation difference df° is sufficient to rapidly

distinguish visual elements. ' '

4.3 Feature Hierarchy

A third factor that must be considered is visual interference, ' BB : : : :
that is, a situation where one visual feature masks another. ' 0 0 TR
Although the need to rank each brush stroke style’s percep- 8, Blasaas

tual strength is not necessary in a painting, this information is
critical for effective visualization design. The most important

data attributes (as defined by the viewer) should be displayed . '
using the most salient features. Secondary data should never
be visualized in a way that masks the information a viewer is

most interested in seeing. I ' .
Perceptual features are ordered in a hierarchy by the low- o

level visual system. Results reported in both the psychophys-

ical and visualization literature have confirmed a luminance—

hue—texture interference pattern. Variations in luminancesigure 1: Examples of texture mapped brush strokes with
can slow a viewer's ability to identify the presence of in- gjfferent orientations (top row), densities (second row), sizes
dividual hues or the spatial patterns they fof@allaghan, (third row), and greyscales (fourth row)

1994. The interference is asymmetric: random variations

in hue have no effect on a viewer's ability to see lumi-

nance patterns. A similar asymmetric hue on texture intermonthly surface climate readings%ﬁ) latitude and longitude
ference has also been shown to elditaley and Enns, 1999; steps for the years 1961 to 19%0d. readings for January av-
Triesman, 198p random variations in hue interfere with the eraged over the years 1961-1990, readings for February aver-
identification of texture patterns, but not vice-versa. Theseaged over the years 1961-1990, and so on). We chose to vi-
results suggest that luminance, then hue, then various textuseialize temperature, precipitation, pressure, and windspeed.
properties should be used to display attributes in order of imBased on this order of importance, we built a data-feature

portance. mappingM that assigns brush stroke greyscale (or color for
) ) o on-screen images), size (or coverage), density, and orienta-
5 Painterly Visualization tion, respectively, to our four attributes. Temperature is rep-

Based on the perception guidelines discussed above, and &fsented by greyscales selected uniformly from a perceptually
our formal correspondence between visualization techniqué¥®/anced luminance path. This path runs from dark (for cold
and painterly images, we decided to build a system that Va,_t_emperatures) to l_)rlght (for hot temperatures).' Prempltatlon
ied brush stroke color, size, spatial density, and orientatiofs 'ePresented sizeg., the amount of an element's spatial re-
to encode up to four independent data attributes (in additio§ON itS brush stroke covers). Sizes range exponentially from
to the two spatial values used to position each stroke). Th¥ery small coverage (for little or no precipitation) to full cov-
presence of feature hierarchies suggest color should be us&§9¢€ (for heavy precipitation). Windspeed is represented by
to represent the most important attribute, followed by the tex2rentations ranging fromor upright (for weak winds) to
ture properties. The results Bfiealey and Enns, 1998ur- 90 orflat (fors‘grong winds). Finally, pressure is represented
ther refine this to applying color, size, density, and orientatior?y four increasingly dense arrays of brush strokes: a single
in order of attribute importance. stroke, & x 2 array of strokes, 8 x 3 array, and al x 4 ar-

The brush strokes in our current prototype are constructeffY continuous pressure values are dlscrl_tlzed into four uni-
using a simple texture mapping scheme. A real painted strokE'™M ranges, then mapped to the appropriate density (sparse
was digitized and converted into a texture map. This tex Or low pressure, dense for high pressure). .

ture map is attached to a polygon to produce a reasonable Fig- 2 shows aV|_suaI|zat|or_1 of data for Februarylnthe east-
approximation of a generic brush stroke. The stroke’s posi.ern half of the continental Unlte'd States: Although Unllkely'to
tion, color, size, and orientation are controlled by modifyingbe mistaken for a real Impressionist painting, we feel the im-
the texture map and transforming the polygon. Density is varage contains important aesthetic qualities that make it stand
ied by changing the number of strokes rendered in a unit are@ut from a traditional visualization. The top four images (the
of screen space. Fig. 1 shows an example of brush strokd@p row of Fig. 2) use a perceptual greyscale ramp to show
with four different greyscales, sizes, densities, and orientathe individual variation in temperature, precipitation, pres-
tions (greyscale is used only for the printed figures; on-screefiure, and windspeedy was used to construct the painterly

images are displayed in full color). visualization of all four attributes shown in the bottom image
] o of Fig. 2. Various luminance and texture patterns representing
5.1 Practical Applications different weather phenomena are noted in this image.

One of the application testbeds for our visualization tech- We have applied our painterly visualizations to a number of
niques is a dataset of monthly environmental and weatheadditional real-world environments including scientific simu-

conditions collected and recorded by the Intergovernmenkations, e-commerce activity logs, and medical scans. Anec-
tal Panel on Climate Change. This dataset contains meatotal feedback from domain experts collaborating on our ef-
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Figure 2: A painterly visualization of environment conditions for February over the eastern United States: (top row) greyscale
ramps (dark for small values to light for large values) of temperature in isolation, precipitation in isolation, pressure in isolation,
and windspeed in isolation; (bottom image) a painterly visualization of all four attributes represented with the brush stroke

properties greyscale, size (or coverage), density, and orientation
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forts suggests that our technique achieves its goal of produ®keferences

ing images that: (1) represent multidimensional datasets in B3ergmaret al, 1999 Lawrence D. Bergman, Bernice E.
clear and effective manner, and (2) contain many of the aes- Rogowitz, and Lloyd A. Treinish. A rule-based tool for

thetic and visually engaging properties of a real painting. assisting colormap selection. Rtoceedings Visualization
] ‘95, pages 118-125, Atlanta, Georgia, 1995.
6 Conclusions and Future Work [Callaghan, 1990T. C. Callaghan. Interference and domi-

This paper describes a new method of visualization that uses nance in texture segregation. In D. Brogan, edifsual
painted brush strokes to represent multidimensional data ele- Search pages 81-87. Taylor & Francis, New York, New
ments. Our strokes support the variation of visual properties York, 1990.

based in large part on styles from the Impressionist school gichevreul, 1967 Michel Euggne Chevreul.The Principles
painting. Each attribute in a dataset is mapped to a specific of Harmony and Contrast of Colors and Their Applica-

painterly style; a data element's attribute values can then be tions to the Arts Reinhold Publishing Corporation, New
used to vary the visual appearance of its brush stroke. The vyork, New York, 1967.

styles we chose are closely related to perceptual features dex . . . ; ;
te}éted by the Iow-levelhum);n visual sygtem.pResearch stugyHinsteinet al, 1984 G Grinstein, R, _Pickett, = and
ing the use of these features during visualization allows us to M. Williams. ETVI;S' An dexplorgtoryh(_jatal wsufallzat,log
optimize the selection and application of the corresponding enV|ron2m52nt2.61 r|1_ rodcee Cmgs d ralpgécg:)s nterface '8
painterly styles. The result is a “painted image” whose color pages —<9L Lon on,. anada, ’
and texture patterns are used to explore, analyze, verify, arléiealey and Enns, 199Christopher  G.  Healey —and
discover information stored in a multidimensional dataset. ~ James T. Enns. Large datasets at a glance: Combining
One important area of future work is the construction of ~textures .and colors in sc!entlflc V|suaI|zat|on.IEEE_
new brush stroke models. Texture maps are common in most Iransactions on Visualization and Computer Graphics
graphics APIs, and are often rendered using hardware accel- 9(2):145-167, 1999.
eration. Unfortunately, certain styles.§.,stroke coarseness [Rheingans and Tebbs, 199Benny Rheingans and Brice
or weight) are not easy to manipulate using texture maps. It Tebbs. A tool for dynamic explorations of color mappings.
may also be difficult to animate textured brush strokes during Computer Graphics24(2):145-146, 1990.

real-time visualization. We are currently investigating three[Rood, 1879 Ogden Nicholas RoodModern Chromatics,
potential solutions to this problem: (1) building a library of = ith Applications to Art and Industry Appleton, New
texture maps that explicitly differ across certain styles; (2) us-  vork New York. 1879.

ing mathematical spline surfaces to model more sophi:sticatefS . . S

brush stroke properties, and (3) using a physical simulatioh>CHaPiro. 199F Meyer Schapiro. Impressionism: Reflec-

system to construct realistic strokes. Early results suggest a 10ns and PerceptionsGeorge Brazillier, Inc., New York,

combination of modelsy(g.,a texture map library whose en- New York, 1997.

tries are precomputed or dynamically updated) may be modSmith and Van Rosendale, 1998. H.  Smith  and

appropriate. J. Van Rosendale. Data and visualization corridors
We are also working to identify new painterly styles, and report on the 1998 CVD workshop series (sponsored by

to integrate them into our stroke models. Two promising can- DOE and NSF). Technical Report CACR-164, Center for

didates we have already discussed are coarseness and weightAdvanced Computing Research, California Institute of

We are reviewing literature on technical and artistic properties Technology, 1998.

in Impressionism, while at the same time searching for perfTriesman, 1985 A. Triesman. Preattentive processing in vi-

ceptual features that may correspond to new painterly styles. sion. Computer Vision, Graphics and Image Processing

Increasing the number of styles we can encode in each brush 31:156-177, 1985.

stroke will allow us to represent larger datasets with highe'[Ware and Knight, 1995Colin Ware and William Knight.

dimensionality. final ad derive f h Using visual texture for information displapCM Trans-
We note one final advantage we can derive from the corre- , ions on Graphicsl4(1):3-20, 1995.

spondence between perceptual features and painterly styles. .
We measure the perceptual salience of a visual feature u W‘?’Less:olr?/%e)%e\?i/r%rghtgo'gr: gegﬁﬁggle:s‘;%r;é‘"gé'r";‘]t;urtg";‘ps:
ing controlled psychophysical experiments. Exactly the same 4 S

technique can be used to investigate the strengths and limi- Graphics & Applications8(5):41-49, 1988.

tations of new painterly styles. Just as research in perceptid¥eigleet al, 200Q Christopher Weigle, ~William G.
helps us to identify and control brush stroke properties during Emigh, Geniva Liu, Russell M. Taylor, James T. Enns,
painterly visualization, work on new styles may offer insight and Christopher G. Healey. Oriented texture slivers: A

into how the low-level visual system “sees” certain combina- technique for local value estimation of multiple scalar

tions of visual properties. fields. In Proceedings Graphics Interface 200pages

163-170, Montal, Canada, 2000.
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