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Abstract

We use relaxation to produce painted imagery from
images and video. An enegy function is rst spec-
i e d; we then serch for a painting with minimal en-
ergy. The appeal of this strategy s that, ideally, we need
only specify what we want, not howto directly compute
it. Becausethe enemgy function is very dicult to op-
timize, we use a relaxation algorithm combined with
sarch heuristics.

This formulation allows us to specify painting style
by varying the relative weights of enemgy terms. The
basic enemy function yields an economical style that
conveysan image with few strokes. This style produces
greater temporal coherence for video than previoustech-
nigues. The systemallows as ne user control as de-
sired: the user may interactively changethe painting
style, specify variations of style over an image, and/or
add speci ¢ strokesto the painting.

1. Intro duction

The time is ripe for novel computer-generated vi-
sual styles. The increasingly advernturous useof digital
e ects in movies and television, together with many
recert advancesin non-photorealistic rendering (NPR)
make this an exciting time for NPR researt. Painterly
rendering, the subject of this paper, promisesto merge
the beauty and expressienessof painting with the ex-
ibilit y of computer graphics.

In this paper, we formulate painting as an energy
minimization problem, given a sourceimage or video
sequence.This approach hasmany bene ts. Most gen-
erally, it allows us to expressthe desired features of
the painting style as energyterms, freeing us from the
often-di cult task of devisinga new or modi ed paint-
ing algorithm for eat new considerationin a style.

This gives us the ability to produce paintings that
closely match the input imagery. This is particularly
important in processingvideo sequenceswhereimpre-
cision can lead to unacceptableproblems with tempo-

Figure 1. A sour ce image and painting

ral coherence;the only previous algorithm for auto-
matically painting video with long, curved strokes [9]
requires many small strokes, and still producesa de-
gree of ic kering that may be objectionable for some
applications. We have attempted to recreate a some-
what \generic," modern painting style: realistic, but
with visible brush strokes, inspired by artists such as
Richard Diebenkorn, John Singer Sargen, and Lucian
Freud.

The energy minimization approad also allows us to
bridge the gap betweenautomatic painterly lters and
user-driven paint systems. Usersmay specify require-
ments about a painting at a high-level (painting style),
middle-level (variations of style over the image), and
low-level (specic brush strokes); the user may work
bad and forth betweenthesedi erent levelsof abstrac-
tion as desired. This feature is of critical importance
for taking the best advantage of the skills of artists.
This also allows us to accommalate a wide range of
user requiremerts and skill levels, from desktop pub-
lishing to feature Im production.

Color images  and additional details
from this work may be found in [8] (see
http://www.mrl.n yu.edu/ hertzman).

1.1.RelatedWork
We now review previous work on painterly render-

ing. (A more general survey of NPR can be found in
[4].) One thread of work are painterly Iters, which



do not require an explicit 3D model of the world be-
ing painted. Haeberli [6] demonstrated an interactive
painting system for quickly producing a painted rep-
reseration of a still image. Seweral commercial pad-
ages(e.g. [1]) provide automatic painterly image lters

basedon theseideas,using xed sizeand shape strokes.
Shiraishi and Yamagudi [16] uselocal image measure-
merts to choosestroke sizeand orientation. Lit winow-
icz [12] demonstrated how these ideas could be ex-
tended for processingvideo, by moving short strokes
with estimated optical ow. In previous work, we var-
ied brush stroke sizesby layering and placed curved
strokes by following normals of image gradients [7].
This method producesimagesthat are loose but not
very economical or precise; ne details are often lost
even after sewral layers of painting. This method is
extendedto video processingin [9]. Although the ex-
isting techniques produce excellert imagery in a vari-
ety of styles, the range of styles available is limited by
the particular painting process;this paper expandsthe
range of styles in sewral dimensions, and provides a
framework for the straightforward addition of further

styles.

The availability of 3D geometry allows more ex-
ibilit y in producing painterly animation. Meier [14]
demonstrated an automatic particle-based approac
for painting with short brush strokes. Extensions of
this idea with interactively-placed strokes were used
with great successin the recert feature Ims What
Dreams May Come [13] and Tarzan [5]. Sud sys-
tems naturally provide excellent temporal coherence
and an economicalpainting style, if desired. However,
exact 3D information is often unavailable. Klein et al.
[11] renders objects with Itered textures. Also, the
use of 3D typically yields a dierent aesthetic from
painterly lters, becausestrokes that adhere closely
to 3D shape over time usually give the impression of
strokes attached to objects in space,rather than of a
view through an animated painting. Which appearance
is preferred will depend on the application.

Haeberli [6] introduced the use of relaxation for
painterly rendering, and Turk and Banks [18] used
relaxation to illustrate vector elds with streamlines.
This paper extendstheir work.

2. Energy Function

The certral idea of this paper is to formulate paint-
ing as an energy relaxation problem. Given an energy
function E(P), we seekthe painting P with the least
energy:

P = argFr)nzilp E(P)

whereP refersto a speci ¢ painting and P to the space
of all paintings. In this paper, a painting is de ned as
an ordered collection of colored brush strokes,together
with a xed canvas color or texture. A brush stroke is
athick curve de ned by alist of cortrol points, a color,
and a thickness/brushwidth. A painting is renderedby
compositing the brush strokesin order onto the canvas.
Brush strokes are rendered as thick cubic B-splines.
Strokesaredrawn in the order that they werecreated.

An energyfunction can be createdasa combination
of di erent functions, allowing us to expressa variety
of desiresabout the painting, and their relative impor-
tance. Each energyfunction correspondsto a dierent
painting style. This formulation givesus a reasonably
intuitiv e way of designing painting styles, in that we
specify the desiredfeaturesof the painting, rather than
providing a direct method for computing the painting,
as hasbeendonein the past.

At a high level, our goal has beento seekconcise
paintings that match a sourceimage closely and cover
the imagewith paint, but useasfew strokesaspossible.
To this end, we usethe following energy function for a
painting:

E(P) = Eapp (P)+ Earea(P) +
ESI(’Str (P) + Ecov(P)
Eapp(P) = Wapp (% V)IIP (X Y)  G(X; Y)jj
(xy)2l
X
Earea(P) = Wgrea Area(S)
S2P
Ensr (P) = Wper (number of strokesin P)
Ecov(P) = wWey (number of empty pixelsin P)

This energy is a linear combination of four terms.
The rst term, Eapp , measureghe pixelwisedi erences
between the painting and a source image G. Each
painting in this paper was created with respect to a
sourceimage. The secondterm, Eg,ea, Mmeasuresthe
sum of the surface areasof all of the brush strokesin
the painting. In somesense,this is a measureof the
total amount of paint that was used by the artist in
making the image. The number of strokesterm E gy
can be usedto bias the painting towards larger brush
strokes. The coverageterm E, can be usedto force
the canvasto be lled with paint, if desired,by setting
Weoy t0 be very large. The weights w are user-de ned
values. The color distance jj jj represens Euclidean
distance in RGB space.

The rst two terms of the energy function quantify
the trade-o betweentwo competing desires:the desire
to closely match the appearanceof the sourceimage,
and the desireto useaslittle paint as possible,i.e. to
be economical. By adjusting the relative proportion of



Figure 2. Top: Painterly renderings with the
method of [7] with 1 and 2, layers, respec-
tively. The algorithm has dif culty capturing
detail below the stroke size. (The source is
shown in Figure 1.) Bottom: Paint by relax-
ation, with 1 and 2 layers. Strokes are pre-
cisely aligned to image features, especiall y
near sharp contour s, such as the lower-right
corner of the jacket.

Wapp @nd Warea, @ user can specify the relative impor-
tance of these two desires,and thus produce di erent
painting styles. Likewise,adjusting wpgr allows us to
discouragethe use of smaller strokes.

By default, the value of wapp (X; y) is initialized by a
binary edgeimage, computed with a Sobel Iter. This
givesextra emphasisto the edges,although a constart
weight often gives decer results as well. If we allow
the weight to vary over the carvas, then we get an
e ect that is like having di erent energy functions in
di erent parts of the image (Figure 3). The weight im-
ageWwypp (X;y) allows us to specify how much detail is
required in ead region of the image, and can be gener-
ated automatically, or hand-painted by a user (Section
7).

The particular form of these equations has no in-
trinsic meaning (that we are aware of); they are sim-
ply one possible formulation of the desiresexpressed
above. When the user choosesa set of weights (usu-
ally by experimentation), the complete energyfunction
encapsulatessomeaesthetic sensibility of the user.

3. Relaxation

The energy function preseried in the previous sec-
tion is very dicult to optimize: it is very discortin u-
ous, it has a very high dimensionality and there does
not appear to be an analytic solution.

Following Haeberli [6] and Turk and Banks [18], we
use a relaxation algorithm. This is a trial-and-error
approad, illustrated by the following pseudaode:

P empty painting

while not done
C  Suggest () /I Suggestchange
if (E(C(P)) < E(P)) /I Doesthe changehelp?
P C(P) /I If so, adoptit

There is no guarantee that the algorithm will con-
vergeto aresult that is globally optimal or evenlocally
optimal. Nevertheless, this method is still useful for
producing pleasingresults.

The main question of interest is how make the sug-
gestions. In our initial experiments, we used highly
random suggestions,sud as adding a disc stroke in
a random location with a random size. Most of the
computation time was spent on suggestionsthat were
rejected, resulting in paintings poorly-matched to the
energy Becausethe spaceof paintings has very high
dimensionality, it is possibleto make many suggestions
that do not substartially reducethe energy Hence,it
is necessaryto devise more sophisticated ways of gen-
erating suggestions.

4. Strok e Relaxation

A basic strategy that we usefor generating sugges-
tions is to use a stroke relaxation procedure. This is
an adaptation of snakes[10, 2] to the painting energy
function: it seardesfor an approximate local minimum
for a given stroke placemert.

The high-level algorithm for modifying a stroke is:

Measurethe painting energy

Selectan existing stroke

Optionally, modify somestroke attribute
Relax the stroke

S

Measurethe new painting energy

This algorithm is described in detail in Section 8.1.
Howewer, we mention two important aspects of the im-
plemertation here: First, the stroke seart procedure
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Figure 3. Spatiall y-varying style . (a) Source image. (b) Interactivel y-painted weight image (Wapp ). (C)

Painting with the given weights.
weights; detail is concentrated on the rightmost

evaluates the painting energy with the stroke deleted
(for reasonsdescribed later). Hence,the modi cation
suggestionmay becomea stroke deletion suggestion,at
no extra cost. Second,the relaxation procedurewould
be very expensive and dicult to implemert if done
precisely Instead, we usean approximation for the en-
ergy inside the relaxation loop, and measurethe exact
energyonly after generating the suggestion.

4.1.Single Relaxation Steps

In this Section, we describe individual procedures
for generating suggestions.

Add Strok e: A newstrokeis created, starting from
a given point on the image. The new stroke is always
addedin front of all existing strokes. Control points are
added to the stroke, using the contour-approximating
procedure described in [9]. The stroke is then relaxed
(seeprevious section). The result of this seard is then
suggestedas a changeto the painting.

Reactiv ate Strok e: A given stroke is relaxed, and
the modi cation is suggestedas a changeto the paint-
ing. Howevwer, if deleting the stroke reducesthe paint-
ing energy more than the modi cation does, then the
stroke will be deletedinstead. Note that this procedure
does not modify the ordering of strokesin the image.
Thus, it will delete any stroke that is ertirely hidden,
so long as there is somepenalty for including strokes
in the painting (i.€. Warea > 0 OF Wheyr > 0).

Enlarge Strok e: If the stroke radius is below the
maximum, the stroke radius is incremerted and the
stroke is reactivated. The resulting stroke becomesa
suggestion.

Shrink  Strok e: If the stroke radius is above the
minimum radius, the stroke radius is decremened and
the stroke is reactivated.

Recolor: The color for a stroke is setto the average
of the sourceimage colors over all of the visible pixels
of the stroke, and the stroke is reactivated.

More detail appears near faces and hands. (d) Another choice of
gures.

4.2.Combining Steps

Individual suggestionsare combined into loops in
order to guarartee that ewvery stroke is visited by a
relaxation step.

Place Layer: Loop over image, Add Strokes of
a speci ed radius, with randomly perturbed starting
points.

Reactiv ate All: Iterate over the strokesin order
of placemen, and Reactivate them.

Enlarge/Shrink  All:  For ead stroke, Enlarge un-
til the changeis rejected or the stroke is deleted. If the
stroke is unchanged, then Shrink the stroke until the
changeis rejected or the stroke deleted.

Recolor All: Iterate over the strokes, and Recolor
ead one.
Script: Execute a sequenceof relaxation loops. To

make a painting from scratch, we use the following
script:

foreac h brush sizeR;, from largestto smallest,
do N times:
Reactivate all strokes
Place Layer R;
Enlarge/Shrink All
Recolor All

We normally useN = 2. This script usually brings
the painting sucien tly closeto corvergence. Note
that the reactivation loops apply to all brush strokes,
not just those of the current size. For processingvideo,
we reduce processingtime by setting N = 1 and omit-
ting the recolor and enlarge steps.

Creating a nal image can take sewral hours, de-
pending on the image sizeand the painting style. Most
of the imagesin this paper were generatedin a few
hours on a 225 MHz SGI Octane R10000. Video was
processedat low resolution (320x240)with the reduced
script above to save time, yielding a processingrate of
about 1 hour per frame.



5. Strok e Color, Texture, and Opacit y

Our system provides a variety of dierent ways to
render an intermediate or nal painting. Brush strokes
can be renderedwith random color and intensity per-
turbations (as in [7]), with transparency, and/or with
procedural textures. Texture is currently omitted from
the main relaxation procedure solely for the sake of
e ciency . Furthermore, separating the rendering step
allows usto experiment with di erent stroke colorsand
textures without needingto perform relaxation anew.
Our procedural stroke texturing is described in [8].

6. Video

The relaxation framework extends naturally to pro-
cessingvideo. A variety of energy formulations can
be employed for video. In the simplest formulation,
the energy of the video sequencds the sum of the en-
ergy for eat frame. The target image for ead video
frame is the corresponding image in the source se-
guence. For e ciency and temporal coherencewe can
usethe painting for oneframe asthe initial painting for
the next frame. For speed, we currently processead
frame sequettially; a more generalextensionwould be
to perform relaxation over the ertire sequencen arbi-
trary order.

This method can be improved if optical ow infor-
mation is available [12, 9]. Optical ow is a measureof
the motion of sceneobjects projected onto the image
plane. Warping brush strokesby optical ow givesthe
impression of brush strokes moving to follow the mo-
tions of objects in the scene. We compute ow using
a variant of coarse-to- ne di erential motion estima-
tion [17]. In order to generatethe initial painting for a
frame, we warp the stroke positions by the optical ow
before relaxation. This givesa good initialization for
the next frame.

This yields a relatively clear video sequence,with
much less ic kering than occursin previous algorithms.
In particular, it is possibleto paint a video sequence
with much larger strokes than before. Howewer, the
temporal coherences far from perfect, and more work
remainsto be donein this area.

7. Interaction and Metapain ting

The energy formulation is well-suited for an inter-
active painting application. In this view, the software
functions asa high-level paintb ox, allowing the userto
make artistic decisionsat any stageand at any level of
abstraction in the painting process.In particular, the
user may:

Selectoverall painting styles.
Selectdi erent stylesfor di erent image regions.

Place individual brush strokes, as suggestionsor
by decree.

We refer to this approac as metapainting. (A related
system was described by Salisbury et al. for pen-and-
ink illustration [15].)

In our implementation, the user has complete free-
dom to make these choices before, during, and after
relaxation. For example,the usermight selectan over-
all style for an image and perform a relaxation. Af-
ter seeingthe result, the user decidesthat a particular
part of the image should be emphasized,paints a new
appearanceweight function, and then performs relax-
ation again. The user then realizes that she desires
speci ¢ brush strokes in one image region, and then
paints them in.

We believe that interactive metapainting can be a
very powerful tool for image-making, combining the
easeof an automatic lter with the ne cortrol of a
digital paint system. The artist holds absolute con-
trol over the appearanceof the nal painting, without
being required to specify every detail. The appeal is
even greater for video processing,where one can au-
tomatically propagate artistic decisionsbetweenvideo
frames.

The systemis currently too slow to provide tight in-
teractivity. With faster hardware, the user feedbak
loop can be made tighter. We look forward to the
day whenit is possibleto visualize changesin painting
styles at interactive rates.

8. Implemen tation Details

In this section, we describe some of the algorithms
and data structures used in our implementation to
avoid redundart computation.

Lazy evaluation and partial result caching are used
throughout our code. The valuesof eat subtermin the
energyfunction are cacdhed, and are only updated when
they change. For example, oneimage encadesthe per-
pixel value of the weighted color di erence (WCD) be-
tweenthe painting and sourceimage(i.e. the summand
of Eapp). Whenewer a pixel value changes,the corre-
sponding value in the WCD image is updated. The
sum of the WCD image is also updated by subtract-
ing the old value and adding the new value. Similar
methods are usedfor other the energyterms.



Figure 4. Consecutive frames from a painterl y animation rendered at low-resolution (320x240).

8.1.Stroke Relaxation

We now describe the details of the stroke relaxation
procedureintroducedin Section4.

Performing a seart for a locally optimal set of
stroke cortrol points would be prohibitiv ely expensive
even with dynamic programming; the cost is a prod-
uct of the number of per-pixel operations, the cost of
scan-corverting a curve section, and an exponertial in
the size of the seard neighborhood. A key idea of
the relaxation procedureis to perform relaxation over
a simpler energy function that approximates the true
energy and has roughly the sameminima as the true
energy The true stroke energy will only be evaluated
once, for the resulting suggestion.

Our goal is to replaceinitial stroke S with a stroke
T, whereT hasthe samecolor and thicknessas S, and
T minimizes the new energy E(P S+ T). This is
equivalent to minimizing the changein energy E (P
S+T) E(P S), becauseE(P S) is constart with
respectto T. This changecan be evaluated faster than
the energy?

We build an approximate energy function | (T)
E(P S+ T) E(P S) overwhich to seard. In
this new energy function, a brush stroke is modeled
asthe union of discs,ead certered at a control point.
This simpler shape will allow usto usea faster dynamic
programming algorithm, becausethe shape of the ap-
proximation dependslocally on only one cortrol point,
and a computation over a disc can easily be caced.

The seart is restricted in order to ensurethat ad-
jacert control points maintain a roughly constart dis-
tance from ead other. This is done by adding an ex-
tra terg to the painting energy function: Emem (T) =
Wmem o7 (iVi Vi1 ]j R)?, for astroke T of radius
R with cortrol points v;. This is avariant of membrane
energy[10]. This energyis included in the painting en-
ergy by summing it over every paint stroke.

Iweuse+ and in the set theoretic sensewhen applied to
paintings and strokes,e.g. P+ T = P [ fTg= painting P with
stroke T added. E(P) is a scalar, and thus E(P1) E(P2)isa
scalar subtraction.

All of the terms of the true energy function E(P)
have corresponding terms in the approximation | (T):

I(T) = |app (T)* Tarea(T)+ Tnstr (T)* Tcov (T)+ I mem (T)

The number of strokesand spacingterms are measured
exactly: lsy (T) = Wnstr , Imem (T) = Emem (T). The
areaenergyl area is approximated asthe product of the
stroke's radius and its cortrol polygon arc length.

The appearance(l ,pp) and coverageimprovemerts
(lempty ) are approximated by making use of auxiliary
functions I g (X; y) and I ,(x; y). This formulation allows
us to uselazy evaluation to avoid redundant computa-
tion of the auxiliary functions. 1,(x;y) measuresthe
energyimprovemert dueto changing pixel (x; y) to the
color of the stroke, unlessthe stroke would be hidden
by another stroke at that pixel. 1r(x;y) sumsly(x;y)
over a circular disc around (x; y). Thesefunctions are
given by:

X
IrR(XY) = Ip(u; V)

ji(uv) (xy)i R
lo(Xy) = h(X Y)Wapp (X V) (XY) (X Y)Wempty
lc(xy) = JiC  G(X;y)ii

(P S)(xy) G(X; Y

C is the color of the brush stroke. c(x;y) and h(x;y)
are indicator functions computed from the fragment
buer: c(x;y) is 0if (x;y) is covered by any paint, 1
otherwise; h(x;y) is 0 if (x;y) is covered by a stroke
that was created after S. (The new stroke will take
the sameplace asthe old stroke in the painting; e.g. if
S is completely hidden, then T may be aswell.) Sum-
ming | g (X; y) over the cortrol points for a stroke gives
an approximation to the appearanceand coverageim-
provemert terms due to placing the stroke:

lapp (T)+ lempty (T) =
(xy)2control points of T

IrR(XY)

With thesefunctions, we can modify a stroke as fol-
lows:



MeasureE (P)
Selectan existing stroke S 2 P
Remove the stroke, and measureE(P  S)
Optionally, modify someattribute of the stroke
Relax the stroke:

S0 s

do lastimp  1(S9

S° argmin 2 neighb orho od(s9) | (T)

while 1(S9 < minflastimp;Hg
Measurethe new painting energyE(P + S°  S).
P argmings pp sp+so sgE(Q)

The do loop above represens the actual stroke re-
laxation. We use a modi ed version of the dynamic
programming algorithm described by Amini et al. [2].
This method createsdynamic programming tables con-
taining optimal control point con gurations for sub-
problems of strokesof length 2 to n; the minimum en-
try in the n-th table correspondsto the locally optimal
stroke of length n. We modify this procedureto nd
the optimal stroke length as well as cortrol point lo-
cations, by observing that the dynamic programming
tables contain the minimum stroke energiesfor eadh
stroke length. Thus, we can nd the optimal number
of cortrol points simply by locating the minimum el-
emert among all tables corresponding to the allowed
stroke lengths (as speci ed by the painting style). In
addition, we extend the length of the stroke beforeeat
relaxation step, by adding a point to the end of the
stroke, thus allowing the stroketo lengthenaswell asto
shrink. The algorithm is describedin detail in [8]. The
constart H is usedto prevent pursuing strokes that
appear to be unpro table. We normally useH = 0O; H
could also be determined experimentally .

8.2.Fragment Buffer

When we delete a brush stroke, we needto nd out
what the new painting lookslike. A simple (but exceed-
ingly slowv) method would be to rerender the revised
painting from scratch. Becausebrush stroke deletion
is a very common operation in the relaxation process,
we needa faster way to delete brush strokes.

We choose an approach similar to an A-buer [3],
called a fragment buer. Each pixel in the image is
assaiated with a list of the fragmerts that cover that
pixel, aswell astheir assaiated stroke indices. A frag-
mernt is de ned as a single RGBA value, and ead list
is sorted by depth. In our current implementation, this
is equivalent to sorting by the order of stroke creation.

To compute the color of a pixel, we composite its
fragment list from bottom to top, unlessthe top frag-
ment is opaque. Creating or deleting a stroke requires

generating or deleting one fragmert for ead pixel cov-
ered by the stroke. In our experimerts, the length of a
typical fragmert list rarely exceeds for automatically-
generatedimages.

The fragmert bu er is also useful for other opera-
tions, such as picking a stroke from a mouseclick.

There are a variety of alternativesto this method,
basedon saving partial rendering results; we chosethis
asa good trade-o betweensimplicity and e ciency .

8.3.Parallel Implementation

We have implemerted a parallel version of the relax-
ation algorithm for better performance. A sener sys-
tem contains the main copy of the painting, and client
machines provide suggestionsto the serer. Whenewer
a client generatesa suggestion,it is sert to the sener
over the socket. Thesesuggestionsare kept in a queue
on the sener, and are tested in the order they werere-
ceived. Whenewer the server commits a changeto the
painting, it is announcedover the socket, and adopted
by all clients in their local copiesof the painting.

This systemis limited by the main processor'sspeed
in processingsuggestions. We have also devised (but
not implemented) a deceriralized versionin which any
processormay commit changesto a painting after ac-
quiring a lock on the appropriate image region.

9. Discussion

We have preseried a novel method for generating
painted imagery from imagesand video. This is done
by searding for a painting that minimizes some en-
ergy function. The style of the painting is completely
speci ed by the energyfunction, constraints on stroke
sizes,the brush textures, and, to someextent, the re-
laxation steps. This allows us to produce an econom-
ical painting style, and to easily accommalate user-
speci ed constraints or spatial variations in style. In
the long run, it provides a general framework for de-
signing painting stylesin terms of energy functions.

The relaxation algorithm requires substartially
more computation time than do previous algorithms,
but canproduceimagesin novel styles. The distinction
is analogousto the situation in photorealistic graphics,
with a cortinuum from fast, low-end methods to more
expensiwe high-end methods. Painting can be done at
di erent points alongthe continuum: relaxation canbe
combined with another painting algorithm, and compu-
tation time canbetraded o for more polishedresults.
As in photorealistic graphics, we expect that the high-
end painterly rendering of today can be a part of the
consumer-lewel graphics of tomorrow.



10. Future Work

The most pressingneedis for speed;we were unable
to test many of the stylesthat we wanted, becausehey
would have beentoo slow to compute. We are hopeful
that faster hardware in the next few yearswill goalong
way to speeding up the computation. The suggestion
medanism could also be tuned.

Given faster computation, we can explore standard
methods for nding better minima, including anneal-
ing, Monte Carlo methods, and geneticalgorithms, any
of which would be straightforward to incorporate into
relaxation. Likewise, stroke relaxation could be im-
proved by using a better approximation, and including
stroke color, radius, and texture in the seard.

The temporal coherenceof painted video needsim-
provemert. We experimented with an energyterm that
penalizesthe di erence between painted frame t; and
the painted frame t; ; warped to t;. This produced
very poor results, becausethe brush strokesare placed
in frame t; ; without regard to the scenegeometry
For example, a stroke that is placed acrossthe silhou-
ette of a white surfaceagainst a white badground will
not work if a changeof viewpoint revealsa red surface
at the silhouette. Global optimization over an ertire
sequenceamnay give better results.

A more sophisticated user interface would be help-
ful, especially onethat provides diagnostic tools for es-
timating energyfunctions from examplesor from local
information.

From an artistic standpoint, the most interesting fu-
ture work is the exploration of the energyfunctions and
painting styles. Thus far, we have only scratched the
surface of painting and animation styles that can be
created by energy minimization.
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