SKIN-AWARE STYLIZATION OF VIDEO PORTRAITS

D. O'Regan1 and A. C. Kokaram?
1 Trinity College Dublin, Ireland, oregandm@tcd.ie 2 Trinity College Dublin, Ireland, anil.kokaram@tcd.ie

based applications. Hertzmann [9] presents an SBR algorith
Abstract in which user-de ned semantic regions of the source image

) o (e.g. people, faces) are painted in more detail. Santelia an
This paper presents a new non-photorealistic/stroke-thasgocario [21] and DeCarlo and Santella [5] present SBR and

rendering (NPR/SBR) framework for the stylization of v&leatoonization algorithms respectively that utilize jmpant's
featuring head shots of people, such as home videos, _movﬁ—tracking data to ensure that the visuatijientfeatures of
and camera mobile phone clips. ~Spatiotemporal skin apgls soyrce image are stylized clearly. Another contentébase
edge detection are used to locate and emphasize the semaqlie. .+ of NPR is the visualization and summarization of the

content in the stylization process. The SBR portion of theyion in image sequences using cartoon-like motion tfals
algorithm features novel techniques for motion expressgitin . storyboard-like action key-frames [16].

elliptical brush strokes, brush stroke anchor point distrtion,

spatio-temporal color-sampling, and brush stroke animati Given the subtle relationships between these various
with regard to state-of-the-art issues such as object aiotu techniques it is interesting to explore the possibility of
and uncovering in the source video. A wide user-accessiterging these ideas into a single framework. This paper
parameter space and nishing touches such as cartoon-liRgesents such a framework that combines several ideas
edge decoration and other quirky effects empowers a vasfetyin NPR: cartoonization, SBR, non-uniform stylization
artistic outputs. The resulting stylized sequences areafuth based on content, and motion depiction. The aim is not
interesting with regard to compression, summarizationtiomo t0 emulate a particular real-life artistic style, but rathe
visualization, story-boarding and art. Both the semantigxperiment with merging these ideas. Automatic spatio-
content, and underlying video motion is highlighted anémporal skin and edge detection is incorporated to direct

summarized on every frame of the stylized output sequerteskin-aware stylization, making this an ideal application
for video portraits or head shots of people (e.g. home

. movies, cinema, mobile phone clips). In addition, this pape
Motion,resents novel techniques for brush stroke distributiealidg
with occlusion and uncovering of objects in video SBR,
and spatio-temporal color sampling. The resulting stdize
1 Introduction sequences and source videos can be downloadedripm
/lwww.deirdreoregan.com/VS_CVMP09.html
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Non-photorealistic rendering (NPR), or thatylization of
digital visual media is a wide research topic. A popular _
aspect iscartoonization or cartoon-like rendering of images? 1he Speci cs of SBR

or video. Semi-automatic cartoonization tools have beed usg popular framework for SBR originated from the work of
in the production of animated Hollywood Ims such as Whaaeperii [7], and has persisted to the current state-chthe
Dreams May Come (1998, Polygram Filmed Entertainmentyi;mann [10] provides a good overview of SBR and its

and A Scanner Darkly (2006, Warner Independent). NUMerqys, e, Typically, the process of painterly rendering atated
image-based cartoonization plug-ins exist (e.g. Toolt§pn \jgeq frame is commonly simulated in the following steps:
for Adobe Photoshop, Digital Anarchy), and cartoonization

applications are now present in some mobile camera phones. L )
1. The canvas is initialized as blank, or with an

Another interesting NPR concept is that stroke-based underpainting[6] (i.e. a blurred version of the source
rendering (SBR) [10], in which a source image or image).

video is transformed to look as if it has been painted

by an artist applyingbrush strokesto a canvas This 2. The source frame is pre-processed to obtain some
technique has been used to recreate painting styles such as'eference datasuch as the gradient prole or a color
impressionism [7, 18, 11, 8, 20], and drawing styles like —Segmentation.

sketching [4, 19] and stippling [22, 12]. Painterly renderi 3. Alist of brush strokes needed to render the output pajntin

tools can be found in desktop publishing and professional, " . .
creative software such as Adobe Creative Suite 4. is formulated with regard to the reference data.

The brush strokes are composited on the canvas in the
orderde ned by the list.

Current NPR research seems to involve the idea of content‘}'



5. Final touches such as simulated lighting, texture mappirbrush strokes are distributed in the region of edges detextte
or hue adjustment nish the painting. decreasingcalesin the source image.

The method of animating brush strokes in video-based SBR
Brush strokes are modeled as entities waittnibutesincluding is also important.  Litwinowicz [18], Hays and Issa [8],
those relating to style (e.g. rectangular or spline-likeljertzmann [11], and Park and Yoon [20] utilize various
dimensions, orientation, color, opacity (i.e. for compiagj), applications of optical ow [13] or motion estimation [17df
and anchor point coordinates. The latter relates to theideo-based SBR. The technique presented in the rst two of
position of the brush stroke's centroid in terms of the canvéhese examples involves continually motion compensatieg t
dimensions,X = [x;y] wherex andy are the horizontal brush strokes according to the forward ow arotion eld
and vertical coordinates respectively. A simple elliptisgle obtained from the source video. Hence, a particular brush
brush stroke is utilized for the SBR portion of our stylipati stroke's anchor pointrajectoryis continually determined by
framework. The main attributes of an elliptical brush s&ok
can be visualized in Fig. 1 including; anchor point coortisa N+l — nron
g = [Xc:Yc], the length of the major and minor axes, and q =a"+ (") @)
b, and the angle between the major and the horizontal axes,
The brush stroke also has a color= [r; g; b], and opacity, , wheref"(X) is the forward motion eld estimated between

both uniformly applied to it's masked aref(X ). framesn andn + 1 of the video. The stylized effect is visually
stunning in that the brush strokes appear to move as if theey ar

A stuck to the objects in the scene. This concept can be vigahli

minor major in Fig. 2. A rectangular brush stroke - similar to the kinddise

axis in the work of Litwinowicz [18] and Hays and Issa [8] - is
shown here.

The motion models behind some motion estimators do not
address the phenomenadamiclusionanduncoveringof objects
in the video, and this causes speci ¢ problems in video-thase
q=[x¢,y| SBR. Motion-compensated brush strokes tend to pile up in
regions of occlusion, and redundancy results. Gaps in the
painting are formed as the brush strokes migrate from region
of uncovering. The problem can be visualized in Fig. 3.
Figure 1: Elliptical brush stroke attributes and parameters Elliptical brush strokes are used to stylize frame 75 of the
Hollywood sequence, and continually motion-compensated t
stylize following frames.

\J

3 Important Issues with SBR
P Litwinowicz [18] deals with redundancy and gaps by a process

The method of distributing brush stroke anchor points on tl/olving Delaunay triangulation of the anchor point nodes
canvas is an interesting problem in SBR, that is reminiscehe grid. Hays and Issa [8] monitor the canvas for gaps and
of the rendering technique of stippling [22, 12]. HaebeTrli [ redundancy and vary the opacity of brush strokes temporally
distributes the points in pseudo-random canvas locatiatis uto transition them into and out of the painting as required.
there are n@apsleft in the painting, while Litwinowicz [18] In contrast, this paper addresses this issue by detecting th
anchors them on the nodes of a regular grid partitioning thederlying cause of these problems; occlusion and unaayeri

canvas. The former has the problemrefiundancy where . . . . o
TeTmporaI coherency is an issue in any video stylization

too many brush .stro.kes may be. placeq cloge to or on tOpa gorithm. With SBR, the attributes of brush strokes should
one another, which is computationally inef cient. The éatt . . .
s . vary smoothly between frames. Of particular interest is the
produces a painting that can look too regular, and so nois mu . :
: : méethod of coloring the brush strokes, aslor-sampling It
be added to the anchor point coordinates to emulate a hand- . .
. IS well known that point-sampling the color from beneath the
painted look. , . . )
brush stroke's anchor point coordinates in each frame of the
Hertzmann [9] and Mignotte [19] present algorithms thaource video creates icker in the stylized sequence [8, 1].
distribute brush strokes on the canvas by varying their @anctHays and Issa [8] average the motion-compensated color
coordinates and other attributes to minimize an energglues over a spatio-temporal window centered on the curren
comparing the output painting to the source frame. Oftérame and with spatial dimensions equivalent to those of the
referred to as Relaxation [7, 9, 10], this technique is Uguabrush stroke. Similarly, the video watercolorization altfon
employed to drive ner painting detail (i.e. smaller, and/oof Bousseau et al [1] smooths the motion-compensated color
more brush strokes) towards regions of texture and eddmstaking an average over a cone-like spatio-temporal windo
in the source image. Other algorithms such as that of Hagpering outwards from the current frame at the center. This
and Issa [8] achieve a similar effect by painting in multiplpaper uses a different spatio-temporal Itering strategyl a

passes otdayers whereby an increasingly ne network ofavoids the heavy averaging process.



127
camera zooms
n=127 f (X) n=128

(a) Forward motion eld

(b) Animating a brush stroke

Figure 2: Brush stroke animation; (a) the forward motion occlusion pile-up uncovering gaps

eld for frame n = 127 of the Swimming sequence, and (b)

motion compensating a brush stroke's anchor point (left)@n Figure 3: Redundancy and gaps; brush strokes pile up in

its trajectory over a few frames (right). regions of occlusion and drift apart in regions of uncoverin
Here, a camera zoom triggers these problems.

4 Motion Expression

In previous SBR algorithms, the orientation of brush stsoke the currgnt framen. The term$u1y and u-lx are the vertlc.:al

in uenced by the direction of local gradients or edges diete:c a”‘?‘ ho_nzontal gomponents of respeqtlvely. The mo_tlon
in the source image [7, 18, 11, 9, 8, 20]. Although this is act:"ogsnr.natmn algorithm of Ko_karam [_17] is usgd to obtain the
technique for preserving the high frequency detail in thioi mot_|on elds. A temporal window wittN,, = 7 is the default
the work presented in this paper experiments with the idea$5ittNG: . S .
varying the orientation and stretch of the elliptical seskvith Etretch of the ellipse is limited by the user-de ned maximum
the behavior of the underlying video motion. e

The orientation of the brush stroke in frameof the stylized
output, " (radians), is de ned as

andd is the assumed maximum value of. The

With reference to Fig. 1, the area of an elliptical brushlstro
is dened by . = acbs, while the relative lengths o,

andh. determine its eccentricity. To sat = h. means that X

the ellipse becomes a circle of radiugq. By de ning the uy

stretch ratioke_ = z—g the ellipse can be stretched by varying "N = arctan -2 )
ke while holding the area,  constant. The stretcke of a X

particular elliptical stroke with anchor poigin framen of the uy

stylized output is then varied with motion using the follogi =0

Xpression . " .
expressions Using these formulae, elliptical brush strokes stretchaieht

smoothly to portray the temporally varying magnitude and

k. = u 2) direction of the underlying video motion. This effect can be
e e (2 on |
a seen in Fig. 5.
%“ q - .
whereu" = uy)2+(uk)2 (3
- (U)*+(w)* G) 5 propabilistic Anchor Point Distribution
(N 1)=2 _ _ _ _ A novel probabilistic anchor point distribution processsha
andu” = N gty b (g™t (4) been developed within the video stylization framework.
Y=o This process is related to the idea of Poisson-disk sampling

(PDS) [15], in which point samples are distributed on a plane
wheref" (X ) andb" (X) are the forward and backward motion(i.e. the canvas) in a series tfals. In each PDS trial, a
vector elds over a number of frame$|,, and centered on candidate sample is generated pseudo-randomly, but rejecte



if it falls within radial distancer g« Of previously generated i3 2:2 2 z ZH 2] ati
sample. This is interesting in thatisx could be chosen to uu
compliment the dimensions of brush strokes. As previous! sl e e e e e

explained, however, the shape of our motion-expressive (a) Frame sequence for motion analysis
elliptical brush strokes vary over the canvas. Our nove
approach attempts to soften the process of PDS by posing it
a probabilistic light.

Anchor points are generated on the canvas in a series of ttials
The point generated by each successful trigiis [ X ; Ye, 1-
During the trials, each location on the canvAsis associated
with sampling probability. At the beginning of the process,|

therefore, we have an initial uniform distributigm,(X ) = Ko,
as can be seen in Fig. 4. (b) Source frame (c) Brush strokes

BX)

A

k 0

(d) Anchor points (e) Probability distribution

X Fos "~ oo
Figure 4. Initially a uniform distribution over canvas
coordinates X .

Here,kq is a constant. To generate the rst anchor point, a &
sample is drawn from this distribution numerically ‘, .
B

(%0;%0)  Po(X;Y) 7! do =[Xcy; Yeol (6) (f) Cumulative count (g) Gap mask

\/

The aforementioned PDS algorithm would maintain a uniforfrigure 5: The SBR process; (a) frame sequende, = 7,
distribution throughout the sampling process, explicitiysed to in uence the elliptical stretch and orientation, fb
rejecting those points whose coordinates fall withjg, of an the source frame,n, (c) brush strokes composited on an
existing anchor point. Here however, the sampling prokigibil underpainting, (d) anchor point distribution, (e) probakiy

is modi ed after the placement of a brush stroke so as €listribution, pi(X), (f) cumulative count imageh; (X), and
suppress the likelihood of anchoring another nearby. Toee (9), gap maskg (X). Other parameters includeeq = 40,

we have the continuous process 0=35Kk =6,vs=3,C=0and =0:75
(eiyn) (X)) 70 ai = [Xe;5 Ve ] (7)
pi(X)=p 1(X)py ,(X) (8) entries correspond ta@e, and by of the elliptical stroke

anchored atj;, andvs 2 < is a weight.C = 0 is the special
case preventing two anchor points from being placed in the

wherep; 1(X) is the probability distribution from the Previous., o |ocation on the canvas.

trial, andp,, ,(X) is the modi cation that resulted from it.

The modi cation models a suppression eld with peak at th&ig. 2 (a-e) demonstrates the effect of a number of trialsén th
previously generated brush stroke's anchor poipt,;, and stylization process of frame = 33 of the Femalel sequence,
smoothly decreasing outwards from the center. Generaly, including an overhead view of the resulting probability
Gauss-like suppression function generated in trialde ned distribution, p; (X). Dark areas represent low probability and
as bright areas represent high probability.

h v XTSX)I Canvas coverage is monitored by maintaining a cumulative
Py (X) = I C e'™ (9  count image,hi(X), with bin dimensions corresponding to
those of the canvas. This can be visualized in Fig. 2 (f). Afte
where Z and C are a normalizing and scaling factoreach trial,h;(X) is incremented over the masked area of the
respectively,S is a 2D covariance matrix whose diagonahnchored strokes; (X)), as follows



Issa [8]. Edges falling outside aff (X) are discarded. The

( Gei g resulting layer masks are spatially but not temporally stimoo
A so they are Itered by means of motion-compensated median
B, X ‘ ‘ [tering over a small spatio-temporal window of widilv =2
' % de, f5::11g and temporal exteril, =2 f 5::11g. Fig. 7 illustrates
| the smoothing process withf} (X) associated with frame =

w 33 of the Femalel sequence.

C n-3 n-2 n-1 n n+l n+2 n+3
> ORI Y-SV e @ & : :

horizontal (x) axis %J L\J

(a) Mask sequence for smoothing

Figure 6: Gauss-like suppression function for coordinates
when the brush stroke's major axisae, , is in line with the
horizontal axis. HereC > Oandvs = 1.

hi(X) = h;j 1(X)+ si(X) (10)

The scheme used to terminate the process is a similar tofthat
Hays and Issa [8]. Essentially, the painting is completetdvin
passes. In the rst pass, trials occur urtjl > t 5, wheret,

is a threshold oth;, the mean oh; (X). The second pass is arjgure 7: Spatiotemporal smoothing; (a) mask sequence,
hole- lling process. Before the second pass agap ntaéK,), N, =7, used in smoothing, (b) Canny edge mask fioy and

is de ned and used to altgx (X) as follows (c) the spatio-temporally smoothdd] (X ). HereW, = 7.

(b) Canny edge detection (c) Spatiotemporal smoothing

1 whereh;(X) < 1 The user can choose to vary the size of brush strokes between

gi(X)= ) (11) these layers, as can be seen in Fig. 8. Here, brush strokes
0 otherwise with three different sizegeq = f40,155g are used to
pi(X)/ pi 1(X)gGi(X) (12) paint in the regions of background, skin and edge detall

respectively. An interesting problem is observed in Fig. 8

A gap mask can be visualized in Fig. 2 (g), where gaps 4de) in thgt few small .b.ru.sh strokes are d.istr_ibut.ed with th
represented by white areas. Gaps that form larger connecdifyementioned probabilistic anchor point distributiongess,
regions are perceived hslesin the painting, and\, is de ned €SPecially within the detail sites,§(X). This is due to the
as the area of a particular connected hole. Sampling tri¥file suppression elds generated by the larger brush stroke
continue in the second pass un@] <= Ay, WhereAj is deposﬂgd in the l_Jackground region, coupled with the faat th
the largest hole, and is the maximum tolerated area of 4N SPatial sampling area bf; (X) is smaller.

hole. A solution to this problem is to weight the initial probabjli
distribution,p™3? (X) as follows
6 Semantic Layers

To achieve a skin-aware painting, three semaréigers P (X) = VoL p(X) + vi L (X) + vaLg(X) (13)
are de ned for each video framey; background,Lp(X), . ) .
foreground, L (X), and detail,L}(X). Since the source WNET€Vo;Vi:Va 2 < are weights of increasing value. The
videos consist of head shots, spatio-temporal skin detectfTect can be seen in Fig. 8 (e,!), in the painting of a frame
is used to de ne the foreground layer, and edge detection/i@M the Swimming sequence. Here, the weights are set to a
used to obtain the detail mask. Stylization parametersteam t Multiple of the relative area masked by each layer.  Another

be varied between layers to emphasize the salient content §Olution is to paint each layer separately, each with a niqu
skin and edges within skin regions). p’ (X) and associated parameters de ned only in the region of

the layer mask. The resulting effect can be seen in Fig. §.(g,h
Skin detection is carried out using a statistical approauiia

to that of Jones and Regh [14], and the resulting skin mask7is
spatially smoothed to givef (X ) using the max- ow/min-cut
algorithm of Boykov and Kolmogorov [2]. To obtainj(X), Brush strokes are animated by continually motion
Canny edge detection is performed on the source frame, aanpensating their anchor points according to the undeglyi
the resulting edge mask is morphologically dilated by a §mahotion of the source video (refer to Section. 3 and Egn. 1).
radius ofry, =2 f 1::59, echoing the approach of Hays and’he motion estimation algorithm of Kokaram [17] is used

Animating the Brush Strokes



n-3 n-2 n-1 n n+l n+2 nt+3

(f) Weighted painting (h) Layeseal painting

(c) Semantic layers (e) Anchor points (g9) Weighted anchors (i) Lgsed anchors

Figure 8: Semantic layers; (a) frame sequendg,, = 7, used to determine elliptical properties and layer masks,the source
framen, (c) L{(X) (gray) andL{(X) (white), (d) output painting, (e) brush stroke anchor posit(f) weighted probability
painting, (g) weighted probability anchor points, (h) laydased output painting, and (i) layer-based anchor points.

to obtain the motion information. As previously explainedare those translated beyond the spatial boundaries of diee vi
regions of object occlusion and uncovering in the sourcewidor from one semantic layer to another. Furthermore, strokes
trigger the usual problems in our motion-compensated brushose motion-compensated translation excites the conditi
stroke animation. i >t are deleted to curb redundancy. Strokes early in the

. . . list de ning compositing order are deleted rst, becauseth
A novel solution to the problem of brush stroke pile-up is tQ . . : .
. ) . are less likely to be seen popping in and out since they ekist a
detect the frame-wise regions of occlusion, and preverghor .
. ) . he rear of the painting.
strokes from being translated into these regions. A measurée

of both occlusion and uncovering is obtained by forming theo |l the regions of uncovering, gaps are detected using

image,0" (X) in the following steps a gap maskg"(X), as previously de ned in Egn. 12, and
. sampling activity is reduced to the canvas region de ned by it
XM= X" 14 I(X) (14) The previously discussed two-pass brush stroke distabtig
xn® = xn®4 b (X) (15) then_car_ried out_on this reduced sampling space until pajnti
N oo 00, termination. This stage also lls gaps that have been cteate
0'(X) = jX X (16) by the deletion of brush strokes translated into regions of

. occlusion. All newly generated brush strokes are addedeto th
whereX " is the translation of the pixel coordinates in fram@ead of the list de ning compositing order, such that they are
n 1ton according to the motion estimator affi 1(X) the painted early in the composition.
forward motion eld estimateod for frame 1. X" is the
translation of the estimated" back to the locations in frame : :

n laccording td"(X), the backward motion eld estimated8 Spatiotemporal Color Sampling
for framen. The SBR portion of our video stylization framework utilizes

. L a novel spatio-temporal color-sampling algorithm for the
In areas of no QCCIUS'OH and uncovering it would be eXloec'“cafglorin of brush strokes. Two Iters are used in cascade; a
thatX" = X", and henc&"(X) would be low. Since the g ) '

. . S : . . spatial Hamming window is used to simultaneously sample
motion estimator fails in regions of occlusion and uncawgyi .
. n o ; : o and smooth spatial color, and a Butterworth Iter removes
it follows that 0" (X) is higher in these regions. Signicant _ . . . . ;

. . variations of this sampled color temporally. By doing this w
regions can be detected by forming a masiod(X) > t, void a heavy spatio-temporal averaging process while stil
andt, is a threshold. Anchor points that are translated mf3 Y sp b ging p

. ) . : . Shtaining temporally smooth brush stroke coloring.
these regions via motion compensation are simply deleted, a g P y 9



The spatial process can be visualized in Fig. 9, and it yield$Hollywood . mean sequences respectively ahttp:
color sample /liwww.deirdreoregan.com/VS_CVMPO09.html
In the formerNy, = 3, and a spatial color-sampling window
¢l = _ [vi CT'(X + )] 17 de ned byk: = 0:5is used with brush strokes of dimensions
! req = f30,155g to give W, = 30,1559 on the three
égmantic layers. In the latter, a uniform symmetrical spatio
temporal volume of equivale/. and a temporal extent of 7

in trial i in the stylization of framen, C'(X) are the pixel- ; b ; i ¢ ;
wise color values of the source frant, indexes the samples/2Mes centered on the current frame is tested for compariso
These videos demonstrate that the former performs well

in the spatial window, and; are weights corresponding to the x : . )
Hamming window, both centered aif . Hamming weights cqmpared with the Iatter: anq that frame—W|_se point-sangplin
ensure that color values closer to the stroke's anchor ot With no temporal smoothing simply causes  icker.

given more importance in the spatial smoothing stage. The

width of the spatial windowW,, can be adjusted according® Finishing Touches

toW¢ = 2kcreq, Wherek. 2 f 0:::1g is a user-de ned constant.
The smaller the value ok, the more distinct the color of
individual strokes will appear.

wherec] is the color sampled for the brush stroke generat

Noise can be added to the color and orientation parameters of
the elliptical brush strokes, and these can be varied betwee
semantic layers, as can the different stylization effecss.
Temporal smoothing is achieved with an In nite Impulseartoon-like look can be achieved by alpha-compositingrcol
Response (IIR) Butterworth lter of ordeMy,, and normalized onto the painted canvas usihg (X) as follows

cutoff frequency, ,. The taps of a third order (i.eNp = 3) .

Butterworth lIter with varying! , can be seen in the Table 10. Z"(X) = Ecz"(X) ¢ Lg (X)) (18)

Note thatc]' refers to the spatially smoothed color sample for

framen, whereag] ! refers to the temporally smoothed colowherez" (X ) is the output painting post-SBRy is the opacity

output of the Butterworth Iter for frame 1 and so on. of the edge gecoration, arfigL is a constant de ning its color.
The mask_j (X) is simply L (X) dilated by a small radius,
m rq, =2 f1:3g, and smoothed with a normalized spatial
| 474 L C"(X)

Hamming window of widthWy =2 f 3;5g9. Examples of edge
decoration can be seen in Figs. 13 and 14.

The technique of stretching and orientating brush strokes
according to motion presents a problem that can been seen in
Fig. 11 (b), which shows the painting of (a) with brush stoke
of variousreq, and elliptical parametefs, = 9 and0 = 32.

It is clearly expressive of the motion of surrounding frames
but much of the high frequency detail is lost in the stretch of
the elliptical strokes. This problem is addressed by limgjtihe
stretch of the elliptical strokes in the detail region dedniey
L§(X). Fig. 11 demonstrates this idea. Fig. 11 (b) shows the
painting of (a) with brush strokes of varioug;, and elliptical
parameterﬁe = 9 and = 32. The idea is to to limit
the elliptical stretch increasingly close to edges, reauithe
ellipses to circles on edge sites. Fig. 11 (c) is a speciaildeta
(i.e. edge) distance Ited" (X), designed for this purpose and

de ned by
Figure 9: The process of spatial color-sampling to paint a ,
circular brush stroke. kg (X) = kg (X)d"(X) (19)
1 n_ 3 n_ 2 n 1 n nT nZ n 3 0 ) L.
L N N IS O /I O wherek? (X)) is the original stretch pro le of the brush strokes

03 || -0.1378 | 06959 | -T1619 | 0049 | 01485 | 01485 | 0049 as calculated in Section 4. The detail distance I#¥(X), is
05 0 0.3333 0 0.1667 05 0.5 0.1667 ) . ) .

a pixel-wise measurement of the Euclidean distance frorh eac
Figure 10: Taps of an ordeMNy = 3 Butterworth Iter with  site in X to the nearest non-zero value marked by a dilated
varying cutoff frequency) . version ofL{(X). These values are normalized, scaled by a

constanEq, and clipped such thal’ (X) > 1 = 1. The value

The results of our color-sampling process can be compa@dEy 1 determines the stretch-limiting in uence df (X)
with that of simple frame-wise point-sampling at anchaxcrossX, andkg (X) at sites wherd 3 (X) = 1 is always
point coordinates, and spatio-temporal motion-compedsatinity. Fig. 11 (c) shows"(X) with Eq4 = 2 on a frame in
averaging in the Hollywoadbl, Hollywoodpoint, and the Hollywood sequence, (d) is the stylized result of inirdv




Eqgn. 9. The output painting is still motion-expressive,foatre behavior of the motion-expressive brush strokes and spatio-tempora
high frequency detail is preserved. color-sampling process on frames neasttot cutsn the source video.
This behavior can be observed in any of the stylized results of the
Hollywood sequence. Note that the Iters for smoothing semantic
layer masks are temporally clipped at the shot cut boundaries.

The resulting stylized videos demonstrate a variety of artistic options
possible within the framework. Future work is dependent on the
stylistic goals of a user. A variety of brush stroke shapes and
styles could be implemented for SBR, with paint-like textures and
lighting, as described by Hertzmann [10]. Rapid temporal changes
in the orientation of elliptical brush strokes are observable, and
could be smoothed in a manner similar to the temporal ltering of
color described in Section 8. Only some of the videos demonstrate
the result of limiting the stretch of elliptical strokes at edge sites,
some with a cartoon-like edge decoration and some not. It is quite
subjective which, if any, of this combination of effects is interesting
or aesthetically pleasing. Rather than curbing the stretch of the
detail brush strokes at edges to preserve high frequency detail as
presented in this paper, they could be orientated parallel to the edges
as in previous NPR work [18, 8]. The underlying skin and edge
detection algorithms could also be improved. The cartoon-like edges
(c) Detail distance Iter are prone to icker in periods of rapid motion (see stylized outputs

. of Swimming) or changes in illumination (see stylized Malel), for
example. Background and/or hair can be falsely masked as skin (see
stylized Malel and Hollywood), but it is subjective as to whether this
has a negative effect on the stylized video results.

(a) Source frame (b) Output painting

11 Conclusion

A novel non-photorealistic/stroke-based rendering (NPR/SBR)

framework for the stylization of videos of people has been presented.
The resulting stylized sequences are visually interesting, and
demonstrate a variety of artistic outputs. The stylization is content-
based in that skin and detail regions are painted more nely and

highlighted, whereas the background is abstracted. The use of
motion-expressive elliptical brush strokes for SBR empowers

motion visualization and summarization, such that a snapshot of
the underlying source video motion is captured in every frame of

the stylized sequence. Furthermore, novel ideas for brush stroke
distribution, spatio-temporal color-sampling, and methods for dealing
Another quirky style can be created by sampling the soura&h occlusion and uncovering in brush stroke animation have been
frame beneath the color-sampling window de ned ky in presented. This framework might be useful for the stylization of

Fig. 9, and resizing the image to the dimensions of the bruspme movies, Ims or camera mobile phone clips.

stroke's masked area} (X ), using bicubic interpolation. The

result is a lens-like effect, and the brush strokes still emowcknowledgments

with the underlying motion of the sequence. Fig. 14 presenllﬁis research was funded by the Irish Research Council for Sgience

fer);?nrgzl)e frames incorporating this effect (see the bottom tvg\nd Engineering Technology (IRCSET). Grant number: RS/2005/105

(d) Stretch control

Figure 11: Preserving detail;, (a) the source frama, (b)

output painting with Re =9, and0 = 32, (d) detail distance
Iter d"(X) with E4 = 2, and (e) output painting withd" (X))

in uencing kg (X).
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