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mock-up objects with computer-generated imagery. The
advantages to this approach over simply directly inserting
the computer-generated imagery is that actors may natu-
rally interact with the mock-up object, and the mock-up
also produces lighting effects that are difficult to achieve
with computer-generated imagery, such as casting shad-
ows into the rest of the scene.

A key limitation of chroma-key systems is that one
must know before-hand which objects and materials one
wishes to replace in the final output, since only objects
of a particular distinctive colour may be replaced. In this
paper, we address a more general material replacement
problem. Given any diffuse, possibly textured object
within a photograph, and an image swatch of a desired
material, we replace the apparent material of the object
with the desired material. Thus, the makeup of an actor

_ Abstract o may be easily adjusted after a photo shoot if errors are
Material replacement has wide application throughgiscovered or a different look is desired. Logos or adver-
out the entertainment industry, particularly for postyisements on clothing may be removed, or new colours
production make-up application or wardrobe adjustmengg patterns applied. Internet-based vendors can show
More generally, any low-cost mock-up object can be prOEg;)opIe how user-supplied objects would look using their
cessed to have the appearance of expensive, high-quaifyyics, patterns, or upholstery. Since editing is fast and

materials. We demonstrate a new system that allows fagiitive, there is no user penalty for experimenting with
intuitive material replacement in photographs. We eXrepiacing different objects or using different textures, so

tend recent work in object selection and fast texture syfpe system is useable even by novices for personal use.
thesis, as well as develop a novel approach to shape-

from-shading capable of handling objects with albedo Textureshop[6] pioneered the idea of using a very sim-
changes. Each component of our system runs with intgple but fast approach to shape-from-shading to recover a

active speed, allowing for easy experimentation and réough set of normals for an object in a photograph, and
finement of results. using these normals to distort texture synthesis over the

object. They note that to some extent, texture variations

Key words: material replacement, texture synthesis, inmask the inaccuracy of the recovered normals, and so de-
age segmentation, jump maps, shape from shading  spite the low quality of the normals, they are still able to

) obtain visually pleasing results. However, Textureshop
1 Introduction can be cumbersome to use, since object selection is based
In its simplest form, material replacement has beeon manual outlining, and Graphcut Texturgs [9] is used
widely used for decades. Chroma-keying, or blue-screeas the texture synthesis engine. Manually outlining ob-
matting [19], replaces objects of a particular colour (typjects from photographs can be tedious, even when aided
ically blue or green) with new objects or materials, anavith tools such as intelligent scissors [14]. As Graphcut
is a staple of movie and television production. WhileTextures are relatively slow to synthesize, experimenta-
chroma-keying is most often used to replace the backion with synthesis parameters is discouraged. Further-
ground, placing actors in new virtual sets, it is increasmore, the normal recovery algorithm used in Textureshop
ingly used in special effects production to replace simples highly inaccurate for all but uniformly coloured, dif-

Figure 1: Replaced materials on Mount Rushmore. Total
time, including user interaction, was under one minute.



fuse objects, often requiring a non-trivial amount of useage [8]. Bichsel and Pentland [1] propagate depth from

interaction to fix normal recovery errors. the brightest points to the rest of the surface using a min-
Our system makes three important, practical contribiimum downhill principle. Most similar to ours, Lee and
tions over the state of the art: Rosenfeld[[10] assume local surface regions are spheri-

cal patches, yielding fast but poor results. More recently,

* Integration of advanced object selectibn![11] with acho and Chow([3] iteratively combine surfaces indepen-

Gaussian mixture model [18] to allow simple, fastgently recovered from each colour channel of an image.
and intuitive object selection in images. Oh et al. [16] extract lighting from texture via bilateral

« A novel shape-from-shading algorithm making eX_filtering. Zhanget. al. [27] survey and compare several
plicit use of the Gaussian mixture model of the obShape-from-shading methods, discovering generally poor
ject selection phase. The most reliable colour clust uality and I|m|te<_j generality. However, our resglts rein-
drives the normal recovery, producing higher qualit orce the conclusion of Fang and Hart [6], that high qual-

normals and allowing fofexturedinput surfaces. ity normals are not required to produce good synthesized
results. For objects with regular or near-regular textures,

e The use of jump map-based texture synthesis,u et al.[12] demonstrate excellent results by manually
which, while lower quality than other algorithms, fitting a regular lattice to the texture.
runs in interactive time, allowing for easy experi- Recent texture synthesis methods can be classified into
mentation with different textures and texturing patwo approaches. Pixel-based techniqués [5] iteratively
rameters, such as scale and orientation. copy pixels by searching for the best match for the cur-
. ) rent output neighbourhood within the inputimage. Patch-
Each step of the resulting system — selection, norm@l,seq methods[4] 9] instead place entire patches of tex-
recovery, and texture synthesis — runs in interactive time, e \while attempting to find a good boundary between
allowing for more intensive experimentation and refinefhe existing output and the new patch. Methods to tex-

ment of parameters. Users can update the selection argge 3p syrfaces have been demonstrated by generalizing
adjust recovered normals, and change textures or ©xtya, nivel-based [23. 22, 25, 124] and patch-based tech-
ing parameters, and view the effects of their changes "f‘ﬁques [T7020.13]. For mate

. ; i 13]. For material replacement, we do not
teractively. Previous methods for material replacementscessarily have a coherent 3D surface, so the more local

require a non-trivial amount of computation time. This,;yo| hased methods are a more natural solution. Tex-
lag t_ime, especially d“””Q textu_re synthesis, is a Sevetfn mapsl[26], utilize a coarse map of prominent texture
detriment to experimentation. Itis also important to notgs a4 res to yield the highest quality results for most tex-
that once a user is happy with the parameters of the algg;es Jump map-based synthesig [24] generally produces
rithm, better quality texturing and rendering may be useg,q |owest-quality but fastest results, and is the only tech-
to produce a final high-quality result. nique to produce results in interactive time.

2 Related Work 3 System Overview

Recently, graph cut-based techniques[[2,[11, 18] have ) )
been very successfully applied in selecting objects frorf?Ur material replacement system is composed of three

images. Previous methods [14. 15, 7] require the us&f&in components. First, the usslectsan object from
to trace the boundary of the object directly, which cariN€ input image. Once satisfied with the selectioor-

often be tedious and error-prone. In contrast, graph cuf?@l recoverywith our novel colour cluster-based shape-

based approaches use strokes within or outside the objd&@mM-shading algorithm approximates the surface normal

and compute the actual boundary by formulating an erdt each pixel of the object._FinaIIy, these nprmals_ are used
ergy minimization problem to be solved by computing 40 Produce a set of distortions to be applied during jump
minimum cost graph cut. Grabclt[18] additionally use&"@P-basedexture synthesisin the following sections,
Gaussian mixtures to statistically model each region, artfe describe each of these steps in detail.
requires only a box to be placed around the object. Laz
snappingl[11] instead pre-segments the image to reduce
the size of the graph cut problem and achieve real-tim@iven a photograph containing objects needing mate-
updates after each brush stroke. While the focus of thesi@al replacement, the first task is to identify the objects
methods is on hard segmentation, high-quality mattes céiom the background. In our system, we use Lazy Snap-
be extracted with both Grabcut or Poisson matting [21].ping [11] as the basic interaction mechanism, as it of-
There are a variety of methods for computing thders the highest interactivity and natural refinement. Lazy
shape of a 3D object from its shading in a 2D im-Snapping is a graph cut-based approach, posing the im-

Object Selection



to assume a Lambertian reflection model, so that at the
brightest point in the image, the surface normal points to
the light source, while the darkest point of the image lies
on a silhouette and its normal aligns with the reverse im-
age gradient. For other pixels, thendy components of
the normal are given by the reverse image gradient, while
the z component is linearly mapped from its luminance,

) ) o with the mapping fixed by the brightest and darkest points
F1gure.2: From left to r1gl?t:' original image; texturf':d re- - (jf |, is the luminance of pixep, and|min and Imax are

sult with our texture-sensitive procedure; result without the minimum and maximum observed luminances, then
texture-awareness. Zp = (Ip — Imin)/(Imax— Imin)). In general, the resulting

) L normals are very approximate, but after some smoothing
age segmentation problem as energy minimization solv%ﬁle quite useable for our application

via minimum cost graph cut. The energy is a sum of two We improve on thi roach by makin f th
terms: a smoothness term, which penalizes segmentatign € Improve o S approach by making use ol the
gausman mixture model for the selected object. Each

boundaries cutting smooth areas of the image, and an ap- h imati | luster f the G
proximation error term. The system statistically approx Ixelhas an approximating colour ciuster tfrom the aus-
imates both the foreground and background, and the aFJ‘_an mixture. We first recover the normals over pixels of

proximation error term ensures pixels more likely to be fi e mostreliable colour cluster in the mixture using the
by one model over the other are penalized for assumi ove approach. Then, normals are propagated across the

—_ . : Ifhage-space boundaries of that cluster to seed the nor-
contradicting labels. The key idea of Lazy Snapping ove
g y y bping | recovery of each subsequent colour cluster. After all

alternate approaches is to pre-segment areas of the im {6 are bro ed. som oothi f the recovered
unlikely to be cut in object selection. The graph proble USTETS are processed, some sm INg ot the recovere
gormals is typically required.

uses the resulting segments, rather than individual pixel
as nodes, so its size (and solution time) is vastly reduced. The reliability rc of each colour clustec is based on

To augment Lazy Snapping for material replacementtS @réaac (number of pixels) and dynamic range (lu-
we first note that as we are concerned with textured, diffinance variation)re = o *ac + (1 — a) * v, wherea
fuse objects, it is especially important that colour imagel$ @ user parameter (for all images in this paper, we used
are handled well. Lazy Snapping’s approximation modef = 0‘75). Intun_lvely, we de5|_re the Iargest cluster as it
is ak-means clustering of the pixels that are selected by MOSt wsually important, w_hlle we de§|re the_ cluster of
the user as definite-foreground or definite-backgroundrgest dynamic range as it likely contains a wide normal
We instead use a limited Gaussian mixture. Under a noYariation in accordance with our assumptions above.
mal Gaussian mixture, each pixel is a weighted combi- To propagate normals across cluster boundaries, we
nation of the colours in the mixture, each of which isassume the change in colour is entirely due to albedo
modelled with a Gaussian distribution. Following Grabchange, and the underlying surface remains smooth, al-
Cut [18], we assume each pixel is drawn from only onéowing us to copy normals across boundaries. We then
colour of the mixture. In comparison temeans cluster- iteratively choose the cluster with the longest boundary
ing, the limited Gaussian mixtures include the covariancwith already-processed clusters. Thandy components
of each colour cluster, allowing for a slightly more accu-0f the normals in this new cluster remain the reverse im-
rate approximation error term during segmentation. Fagtge gradient, and thiecomponents are still derived from
efficiency, we do not iterate our algorithm, but once sega linear mapping of luminance. However, each pixel on
mentation is complete, we update the foreground mixturée boundary of the cluster is a sample of this mapping
according to the pixels actually selected. As discussdis luminance and normal being copied from the neigh-
below, this mixture is used for better normal recovery. bouring cluster). We thus use these samples to compute a

least-squares fit of the luminancezorapping.

5 Normal Recovery In some cases, pixels on the boundary between two
Once an object is identified, the next phase of materiablour clusters may be blends of the cluster means. Here,
replacement is to recover its normals. We generalizeoundary propagation will not work since the boundary
Textureshop-style normal recovery to textured objectgixels will differ significantly from the rest of the colour
For simplicity of description, we assume that the lightluster, and the computed luminanceztaiapping will
source is at the viewer; the extension to other positiorize highly inaccurate. We instead first erode the bound-
is straightforward, though we require the user to specifgries and extrapolate from each cluster to a sharp bound-
the light position if not at the viewer. The basic idea isary. Generally, we erode until the pixels are sufficiently



dq We adapt jump map-based texture synthesis for ma-
/B' terial replacement in images by treating the image se-
O— lection as a surface with varying edge lengths between
pixels. Since the synthesis procedure considers only the
immediate neighbours when synthesizing a given pixel,
we need not have a physically-realizable surface; this is
a distinct advantage over Textureshop, whose Graphcut-
based approach required the recovery of consistent sur-
face patches. The remaining question is how to compute
texture space offsets between neighbouring pixels.

Image Plane

Approximating '
Surface v

Figure 3: The image plane is viewed from above, and two
neighbouring pixels are in green. The surface between

the pixels is approximated by a plane whose normal is n, : »
the average of the recovered normals at each pixel. The We assume that at each pixel th_e user has Spe_c'f'ed a
texture-space distance between the two pixels, ||dg||, is S,Ca|e’3p’ as the number Qf teXture. P'Xels per.targe't Image
derived from the similar triangles A and B. pixel, and an angl®,, which specifies the orientation of
the texture with respect to the target image. These are

close to the mean of the cluster, or until a user-specifietéﬂoically specified globally, but may be gradually varied

maximum erosion is reached. across the image as well [26] if desired. From the pre-

- vious step, we have a recovered normglat each pixel
As can be seen in Figuré 2, our results are much better P g P

; . : .—as well. On each edge between neighbouring pixels, we

than simply recovering the normals over the entire object. : ;
. irst compute average normals, scales, and orientations,
Note that we modulate the textured output according tQ .
the luminance of the object in order to preserve its shady, > 6. We approximate the local surface by a plane
. . J P . whose normal is1. As shown in Figuré |3, the length
ing. With albedo changes, the means of various colour, : : ;
. . .0f dg, the distance on the surface (equivalently, in texture
clusters may have different luminances, and thus the orig-

) . . . ace) between these two pixels, can be derived via sim-
inal luminances are not adequate for this task (this is thlér trianales. The direction od- is aiven by proiectin
main reason the “9” is very clearly visible in the right- ges. sIS9 y Proj 9

most image of Figurg]2). Since the luminance is directlthe image-space offset between the pixet onto the

proportional to thez component of the surface normal’%pprommatmg plane. Thus, we have:
we have effectively recovered consistent luminance lev- dlil di — (nd:
; s||di|| di —(ndi)n
els for the object as well, and we use these to modulate ds = 4 (nd 1)
[Ing|[ {|di — (ndi)nl|
the textured output.

Finally, we construct a basis for texture space by rotat-
ing the image axes bg (the user-specified orientation),
Once normals for the image have been recovered, the éind projecting them onto the approximating plane. The
nal step for material replacement is to synthesize new te8D vectords is finally projected into this basis to get the
ture. We use texture synthesis baseqump mapg25]. texture space offset. The resulting graph of offsets is not
While jump map-based texture synthesis produces loweecessarily coherent, but as shown in the next section, it
quality textures than alternate techniques, it is the fasteistsufficient to give good synthesis results.
known method for synthesizing textures on surfaces. Texture synthesis produces texture coordinates at each
Thus, users can interactively experiment with differenpixel of the object. We render a final result by splatting a
textures, or texture orientations or scales. small texture patch at each pixel, both filtering the texture
A jump map is a parallel image to a texture whichand obscuring discontinuities. As in Textureshop, nor-
records for each pixel a small set of similar pixels withinmals may also be recovered for the source texture, and
the image. Texture is produced from a seed point by itesplatted together with the recovered object normals for
atively copying pixels from the input to the output. Occabump mapping. Finally, the result is modulated by the
sionally, or near input image boundaries, a jump is mad®covered luminance to preserve the object’s shading.
using the jump map, and copying proceeds instead from ) )
the jump destination. On surfaces, the method is simf’. Results and Discussion
lar, walking across vertices instead of pixels. To accoAll of the results presented in this paper took about a
modate the irregular topology and sampling of surfacespinute or two to generate, mostly for user interaction.
each edge is individually mapped into a 2D texture spacgelection occurs in real-time with each brush stroke, nor-
offset according to a supplied orientation field and texturenal recovery takes up to five seconds, and synthesis and
scale. Instead of moving one pixel in the input, movingendering takes up to two seconds; both operations scale
across vertices moves the corresponding offset. linearly with the number of pixels, while normal recovery

6 Texture Synthesis
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Figure 4: Selecting and retexturing multiple objects is
fast and efficient with our system.

Figure 5: Jump map-based texture synthesis allows
for easy experimentation with different textures, texture
scales, and texture orientations. As shown in the video,
each image is produced with virtually no lag time.

also depends on the number of clusters in the Gaussian
mixture. These timings, as well as the real-time captures
in the video, are on a 1.8 GHz G5 machine. As shown )
in Figure§ 1[% an]5, as well as the accompanying Videg}gure 7: Results using Textureshop-style recovery. The
the speed of the system easily allows for selecting muf¢xtures are severely distorted and the luminance incor-
tiple objects from a scene, using multiple textures, anffct in areas with different albedo.

varying texturing parameters. Updates to the result occur
interactively, usually under a second.

We demonstrate results of material replacement on ob-
jects with albedo changes in Figufés 2 ghd 6. Note that in
the dancing image (Figufé 6, bottom), the high-frequency
colour changes in the shirt of the left dancer are inaccu-
rately treated as a single colour cluster by our system,
producing some brightness artifacts, but the result is still
quite convincing. With Textureshop, the recovered lumi-
nances are incorrect (Figyrg 7). %

The main limitations of our system are shown in Fig-
ure[8. Clustering can succeed even on high frequency [N

albedo changes, as with the patterned shirt example, bH%ure 8: Material replacement failures. Left to right:

the resulting clusters a'fe not coherent enough to p_rov'%?iginal image, colour clusters, recovered brightnesses.
good shape-from-shading results. Thus, the luminance




recovery is incorrect, revealing the original pattern in-[4]
stead of removing it.

A more subtle problem can cause the clustering itself tqs
fail. In the dish cloth example, which uses 3 clusters, the
shading variation outweighs the albedo changes, so pixels
with different albedo are incorrectly clustered together,
causing later steps in the algorithm to fail. Clustering inf
different colour spaces can help, but no one colour space
is good over a wide variety of images. We expect a morés]
fruitful approach is for the user to provide some sort of[9
extra information to make the recovery more accurate.
From our results, simply specifying the expected number
of colour clusters is not sufficient (as using too many clug®l
ters can lead to the same problem, we leave the number
of clusters as a user parameter). 1

Another limitation of our approach is that since nor-
mals are examined locally, two parts of the surface at?
varying depth but with similar normals will be given tex- .,
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depth after material replacement. This can be fixed b
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8 Conclusion

We have presented a new system for interactive materi[é(la]
replacement. Our novel normal recovery procedure reli-
ably estimates the normals of diffuse objects even with”!
albedo changes, broadly extending the utility of mate-
rial replacement techniques. Integrating Lazy Snappiniggl
into the system vastly reduces the tedium of object selec-
tion. Jump map-based texture synthesis produces slightly,
lower-quality textured results, but produces results inter-
actively, allowing for real-time texture brushing and veryi20]
quick overall texturing. By achieving interactive speed
for all elements of the system, we remove the perceivegh,
penalty for experimentation with different selections, tex-
tures, and rendering options. [22]
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