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Abstract

This paper examinesthe problem of estimating surface
shapefromtexturein situationsin which thereare mul-
tiple textures present due to texture discontinuities, oc-
clusion, and pseudo-transparency (for example look-
ing through a picket fence at a textured surface). Pre-
vious shape-from-texture methods that use changesin
the spatial frequency representation of neighboringim-
age patchesassumethat only a singletextureis present
in each of the patches. We extend these approachesto
situations in which multiple textures may be present.
Weprovideatheoretical analysisof the multiple texture
problemand the effect of texturediscontinuities, occlu-
sion, etc. on the spatial frequency representation. e
also present an algorithm, using robust mixture mod-
els, for recovering multiple surface shapes from oc-
cluded textures. The method performswell on real and
synthetic images with results which are comparableto
that of shape from texture with only one texture.

1 Introduction

In this paper we explore the problem of estimating sur-
face shape from texture in situations in which there are
multiple textures present in a region of interest. Multi-
ple textures due to texture discontinuities, occlusion, and
pseudo-transparency pose problems that are closely related
to the analogous problems in motion and stereo. Unlike
recent work in stereo and motion, however, shape-from-
texture methods typically assume that only a single texture
is present in an area of interest. We relax this single texture
assumption and exploit techniques from the robust estima-
tion of multiple motions to recover multiple surface shape
estimates in the presence of multiple textured surfaces.

Figure 1 shows examples multiple textures that occur in
natural scenes; they are of four types:

(a) Texture Outlier: Animage patch containsabrightness
structure that is not consistent with the dominant texture.

(b) Texture Discontinuity: Multiple textures within asin-
gleimage region.

(c) Fragmented Occlusion or Pseudo-Transparency: One
surfaceis viewed through another surface such as afence.
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Figure 1: Multiple textured surfaceswith occlusion.

(d) Transparent/Reflected Textures: eg. viewing a tex-
tured surface through glass which is also reflecting a tex-
tured surface. Without additional cues such as motion, im-
ages of this sort can be confusing to human observers. We
leave this problem for future work.

We take as our basic model the shape-from-texture meth-
ods based on local distortions of the spatial frequency of the
texture [5, 6, 7, 8]. Given the spatial frequency representa-
tion of atexture in an image patch, we look at neighboring
image patchesand, in frequency domain, computethe affine
texture distortion from one image patch to another. In cer-
tain situations when multiple textures are present, the spa-
tial frequency representation contains a (possibly weighted)
sum of the significant frequency componentscorresponding
to each of the different textures. We refer to multiple tex-
tures of this form as “additive” in the frequency domain.

In this additive case, a spectrogram containing peaks
from multiple textures can be thought of as consisting of a
number of “layers’ where each layer correspondsto the spa-
tial frequencies present in a single texture (see Figure 2).
Our goal isto compute aset of “weights” that assign spatial
frequencies to layers and to estimate the affine transforma-
tion for each layer. We aso want the estimated transforma-
tionsto berobust to spurious peaks and noisein the spectro-
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Figure 2: Additive texture split into layers.

grams. When textures are additive in the frequency domain
we can apply tools developed for dealing with multiple mo-
tions to the new problem of multiple textures.

Until recently, work in motion estimation has exploited
a single motion assumption which states that within an ar-
bitrary image region only a single image motion is present.
This assumption is violated in common situations such as
when the region contains transparency or occlusion. To re-
lax this assumption, a number of approaches represent the
motion of an image region as a set of layers, where the mo-
tion of each layer is described by a low-order parametric
model (eg. affine) [1, 2, 4, 9]. In particular, Jepson and
Black [4] use an iterative algorithm (the EM-algorithm) to
assign optical flow constraintsto aset of layersand estimate
the affinemotion of each layer. In thispaper we apply asim-
ilar approach to the problem of estimating the affine texture
distortions in frequency domain.

2 Shape-from-Texture

We begin with the basic approach of Malik and Rosenholtz
[8] which uses a modified version of windowed Fourier
transform magnitude [7] as ameasure of the statistics of the
texture in an image region. They model the local texture
distortion asaset of affinetransforms, A;, between spectral
estimates of an image patch and eight neighboring patches.
They derived the relationship between these affine trans-
formsand thelocal shapeand orientation of the surface. The
surface parameters of interest are the slant, o, the direction
of tilt, ¢, (8; is the angle between this vector in the image
plane and the x-axis), and the curvature parameters, r«;,
rky, and rr. Slant is the angle between the surface normal
vector and the line of sight. Here s, and «; are the normal
curvatures of the surface in the tilt direction (t) and the di-
rection perpendicular to the tilt direction (b), respectively.
The variable r is the distance from the center of the view-
ing sphere to the given point on the surface, and 7 is the
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“geodesictorsion” of the surfaceinthetilt direction. For the
mathematical relationship between thelocal affine transfor-
mations and the surface shape parameters see[8].

They use a differential method for finding these affine
transforms which resembles differential methods used to
compute optical flow. They assume that one spectrogram
differs from another by only a2 x 2 affine transformation
A =1+ AA, 0 F, (&) = Fi(A®), where F; is the spec-
trogram for apatch centered about the ith point, and & isthe
frequency. Then, for small A A, we can write

Fy(3) — Fi(3) = VF, 0 AAG )

where VT isthe gradient of the spectrogram at the given
frequency. Malik and Rosenholtz solve for A A using least
squares. We will replace their estimation technique with a
robust technique that can estimate multiple transformations
simultaneously.

Finally, Malik and Rosenholtz use non-linear minimiza-
tion of the error between the empirical affine transforma-
tions and the theoretical affine transformations (for a given
shape estimate) to solvefor shapeand orientation estimates:

n 2

2
x2 (0,84, TKt, TRy, TT) = Z E Z(Az(k,l) - Ai(‘k,l))z

=1 k=1 Il=1

where A;(k,1) is the (k,1)th element of the theoretically
predicted matrix A; and is a function of the shape param-
eters, and A;(k,1) isthe (k,1)th element of the empirically
measured affine transform matrix A;.

3 Motivation and Theoretical Analysis
The canonical example for shape from texture for multiple
textures with occlusion is the fragmented occlusion exam-
ple shown in Figure 1c. We will refer to fragmented oc-
clusion using terminology suggested by the example shown
of awood fencein front of agrassy field, though of course
theanalysisappliesin general when onetexture partially oc-
cludes another. In space domain, we have

image = wood texture X where the fence is

+grass texture X where the fence isn't

where wood texture is the texture actually on the boards
of the fence and where the fence is/isn’t are binary func-
tions indicating the location of the boards of the fence
and the spaces between them, respectively. Transforming
into frequency domain, and letting W, G, F and F be the
Fourier transforms of wood texture, grasstexture, where
thefenceisand wherethefenceisn’t, respectively, we get

F(image) = W% F+GxF. 2

At the scale shownin thefigure, onereally wantsto know
the orientation and shape of thefenceand the orientation and
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Figure 3: Texture with discontinuity (left) and with occlu-
sion or outliers (right) can be thought of as special cases of
the fragmented occlusion problem.

shape of the grassy field, but not the shape and orientation
of theindividual boardsthat make up thefence. Inthiscase,
we are interested in when Equation 2 can be approximated
by the “additive” equation

F(image) = k1F + k.G (3

for some constants, k; and k.

Note that the cases of texture discontinuity and shape
from texture with occlusion are basically subsets of this
canonical example of fragmented occlusion as depicted in
Figure 3.

3.1 Whenisthe“Additive’” Approximation
Valid?

We need a model of the later processing in the Fourier do-
main in order to define what we mean by a valid approx-
imation. We will assume that all frequency components
that have magnitude which is N or more times lower than
the magnitude of the largest frequency component are sup-
pressed. For this analysis, we will assume that the textures
are periodic, so that they have well-defined peaks in fre-
guency domain at frequencies w;, for somei.

Fragmented Occlusion. To simplify the situation some-
what, we will assume that the wood texture, W, can be ap-
proximated by only a dc component. In other words, we as-
sumethat the boardsof thefenceareall untextured or at least
that any “wood grain” texture on the boardsisrelatively low
power.

Then, splitting F into its dc component and the remaining
frequency components, we can rewrite Equation 2 as

F(image) = kiF(w)+kG(w)+ Y kiGi(w)
wi;éo
where k; and k- are constants representing the dc values of

W and F, respectively. The first two terms are a weighted
sum of Fand G, as desired, but that we also have additional
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copies of the grass texture, G, convolved with the non-dc
components of F. We have written these additional copies
as k;G;(w). We not only have extra copies of the grass
texture, but those extra copies effectively undergo differ-
ent affinetransformsbecausetheir affinetransformsare cen-
tered about the frequencies w;.

Without loss of generality, we assume that the highest
peak in frequency domain correspondsto the F texture. We
refer to the dc component of any given texture, T', as T'(0).
Then we write the highest peak in T', not counting the dc
component, as 7'(1), the next highest peak T'(2), and so on.

In order for the frequency components to be separable
into two texturestwo conditionsmust be met. First the extra
copiesof the grasstexture, G must be small enoughthat they
are suppressed; i.e. the frequency components are lower
than 1/N timesthe highest frequency component. This can
be expressed as the condition that

IW(0) = G(0)|/N > |G(1)]. ©

Intuitively, this first condition states that the contrast be-
tween thewooden fenceand thegrass (|W (0)—G(0)|) must
be high enough compared to the contrast of the grasstexture
(G(D)).

The second condition requires that we see enough fre-
quency components in each texture to be able to estimate
shape from texture. We must not suppress either the F tex-
ture or the first copy of the G texture and there must be at
least n peaks in the first copy of both textures in order to
be able to perform shape from texture on both textures. If
we are not to suppressthefirst copy of the grasstexture, we
must have the following condition:

[W(0) = G(O)IF1)I/N < [G(n)F(0)], ©)

where |G(n)F(0)] is the magnitude of the nth highest peak
associated with the first copy of the grass texture.

Intuitively, F(0) isthe percentageof pixelsintheimagein
which one can seethe grasstexture. Therefore, for thefence
example, thissecond constraint is satisfied if thereisenough
space between the boards of the fencefor usto see*“enough”
of the grassto recover shape from the grass texture.

TextureDiscontinuitiesand Outliers The casesof shape
from texturein the presenceof adiscontinuity of texture and
in the presence of an occluder turn out to be much simpler.
Thisis because both the discontinuity and the occluder tend
to be low frequency; otherwise we would have the previ-
ous case of fragmented occlusion. Therefore, F and F are
each a single low frequency "blob” in frequency domain,
and, Equation 2 becomes a blurred version of the desired
kiW + k»;G. When this additive approximation holds we
should be able to separate the two textures in frequency do-
main and perform the shape from texture on both textured
surfaces.
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4 Estimating Multiple Affine
Transformations

With a single texture we can robustly recover the affine
transformation, A A, between neighboring spectrogramsus-
ing the differential method described in [7]. Taking Equa-
tion (1) as a constraint, we solve for the affine transforma-
tion A A between spectrograms F» and F; by minimizing

> p(VFL 0 AAG — (Fy(3) — Fi(3)),0). ()

where p is some robust error norm; for example

l,z

pla,0) = @)

o+ z2

which is used in [1]. As the magnitudes of residuals
VI (3)T o AAG — (Fy(3) — F1(3)) grow beyond a point
their influence on the solution begins to decrease and the
value of p(-) approaches a constant while the weight goes
to zero.

To estimate the affine transformations for multiple sur-
faceswe must do two things: (1) we must decidewhich fre-
guencies & correspond to which texture, and (2) given this
correspondence estimate the transformation for each tex-
ture. Thisfirst step can be thought of as assigning frequen-
ciesto aset of layers corresponding to the textures. To esti-
mate multiple affine transformations A A; we minimize

Z mgi(VE(3)T 0 AAB — (Fy(3) — Fi(3)))? (8)

for each A A; wherem ; isaweight that encodesthe like-
lihood that the frequency & belongs to the layer i. The
weights are defined in terms of arobust error norm

1 0 | P(z, o) o

- %%p(w,o) T T (0 + z2)?’ ©)

m

The objective function (8) is minimized in two stages.
First we solve for the weights, m ;, in closed form using
Equation (9)

a

T e+ (VR(@)T 0 A — (B(3) — F1(3)))°)

After updating all the weights, we can update the estimates
of A A; using weighted least squares or gradient descent.

A frequency @ may be shared by multiple layers, but if
there are no outliers present, each frequency must belong to
some layer. This can be expressed as the following mixture
constraint

ng,i =1. (10)
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Dealing with Outliers. The mixture constraint assumes
that every frequency belongs to some layer or is shared by
multiple layers. It does not account for outliers which be-
long to no layer. To cope with outliers, we follow the ap-
proach in[3] and introduce anew outlier layer that does not
correspond to any affine transformation and is not used in
the minimization of Equation (8) but is used when enforcing
the mixture constraint. If we are estimating n affine trans-
formations then the normalization in Equation (10) is com-
puted over then+ 1 layers. Theinitial valueforthem g 41
is taken to be the weight given to the largest expected out-
lier.

The values of mg ,,41 are updated only when normaliz-
ing theweights. If afrequency & doesnot correspondto any
affine transformation A A; then it will receive low weights
and the normalization will shift weight to the outlier layer
and mg 1 Will increase.

Implementation. In our current implementation we as-
sume that the number of layers is known. To estimate
the affine transformation of each layer we first construct a
Gaussian pyramid representation of the spectrograms under
consideration. The affine transformation is computed at a
coarse level and then, at the next finer level, the estimated
transformation is used to register the two patches by warp-
ing one towards the other. This processis repeated down to
the finest level in the pyramid while the transformation is
updated at each stage.

Within each level of the pyramid the affine transforma-
tion isestimated using agradient descent method embedded
within acontinuation strategy in which thevalueof o begins
at ahigh value and is gradually lowered [1]. The effect of
this processis to gradually reduce the influence of frequen-
cies which are treated as outliers with respect to one or all
of the layers.

Recovering Multiple Shapes. In the case of asingletex-
ture, Malik and Rosenholtz [7] recover surface shape by
computing the transformations between a single patch and
eight neighboring patches. In the case of multiple textures,
each pair of image patches gives rise to n affine transfor-
mations. To estimate multiple shapes from these multi-
pletransformationswe need to know which transformations
correspond to which of the n surfaces. We group the indi-
vidual layers recovered from each of the eight neighboring
patchesinto asingle set of layersusing a simple match met-
ric that takes into account where the weights of the layers
agree and where they disagree. Once the correspondence
between the layers of the different patchesis known, we use
the shape estimation procedure described in Section 2 with
the affine transformations corresponding to each set of lay-
ers to recover the multiple surface shapes.
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c
Figure 4: Texture Discontinuity. Left: Image showing ex-
ample patch locations. Right, Spectrograms: (a) upper left
patch. (b) center left patch. (c) lower right patch.

top left
Figure 5: Discontinuity example. Weights estimated for
two of the eight patches.

bottomright

5 Reaults

We present a number of results on natural and synthetic
images that indicate the accuracy of the recovered sur-
face shapes are comparable to those reported by Malik and
Rosenholtz [8] for shapefrom texture with only onetexture.

5.1 Texture Discontinuities

Figure 4 illustrates a synthetic texture discontinuity. Nine
patches (128 x 128 pixels) are extracted with the central
patch centered on the texture boundary. The neighboring
patches are offset from the center by 64 pixels. A two level
Gaussian pyramid was used with 40 iterations of the contin-
uation method at each level. The value of o began at 70.0
and was lowered by a factor of 0.9 after each iteration to a
minimum of 35.0. Peakswith aheight lower than 63.0 were
ignored.

Figure 5 shows the recovered weights for the patches (a
and c) in Figure 4. The two patterns corresponding to the
different textures are clearly visible. Using the recovered
affine transformations between the center patch and each of
the eight neighboring patcheswe recover the following sur-
face shape estimates for the top and bottom surfaces:

=
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Figure 6: Fragmented Occlusion. Both the center region
and the surrounding regions contain multiple textures.

=
t

Figure 7: Fence Example. (a) Center spectrogram. Normal-
ized weights corresponding to: (b) the background (grass).
(c) the foreground (fence).

| Suface [ dant [ tilt | rky [ vhy [ r7 |
Top (True) 70 -90 0 0 0
Bottom (True) 70 -90 0 0 0

Top(E) | 654 | -86.7 | -052 | -0.16 | -0.01
Bottom (Est) | 60.0 | -93.7 | -0.04 | -0.06 | -0.11

The dlight underestimates of slant are due to the fact that
the algorithm assumes that the step in the image was from
the center of onepatch tothe center of another. Theeffective
step, due to the discontinuity, is between the center of the
texture in one patch to the center of the same texture in the
other patch.

5.2 Synthetic Fence Example

The next experiment considers the fragmented occlusion
casein Figure 6 in which we have a“fence’ pattern in front
of atextured surface (the “grass’). The patches are taken
to be 128 x 128 with the neighboring patches offset from
the center patch by 32 pixels. A four level Gaussian pyra-
mid was used with 20 iterations of the continuation method
at eachlevel. Thevalue of o began at 60.0 and was lowered
by afactor of 0.95 after each iteration to aminimum of 20.0.
Peaks with aheight lower than 90.0 were ignored.

Figure 7 shows the averaged weights from all the layers
corresponding to one or the other surface. Notice that the
power in the “fence” texture lies along aline in frequency
domain. This meansthat the estimation of the affine trans-
formations for the fence texture will be underconstrained.
This has been referred to as the texture aperture effect [8].

Thetrue and estimated parameters for the fence example
are:
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Figure 8: N‘atura»l irhagie of aground plane viewed through
Venetian blinds.

a b c

Figure 9: Venetian Blind Example. (a) Center spectrogram.
Normalized weights corresponding to: (b) the foreground
(blinds). (c) the background (ground plane).

| Surface | dant | tilt | rky | rky, | rT |
“Grass’ (True) 70 -180 0 0 0
“Fence” (True) 0 undef 0 0 0

“Grass’ (EsL) | 679 | -1854 | -0.15 | -0.05 | -0.04
“Fence’ (Est) | 87 | 386 | -7.14 | -454 | 167

Notice that the shape of the background textured surface
hasbeenrecovered accurately. For thefence, theslant of 8.7
isfairly accurate whilethetruetilt isundefined for aslant of
0 degrees. The high curvature terms are due to the aperture
effect. In general oneshould detect whenthe solutionisill-
conditioned due to the texture aperture effect and indicate
which results are reliable and which are not. A solution to
this problem is beyond the scope of this paper.

5.3 Seeing Through Blinds

We now consider a natural scene exhibiting fragmented
occlusion. Figure 8 shows a textured ground plane (the
“grass’) viewed through Venetian blinds (the “fence”). The
patches are taken to be 128 x 128 with the neighboring
patches offset from the center patch by 64 pixels. Exactly
the same parameters were used as were used in the previous
synthetic example.

Figure 9 shows the spectrograms and the recovered
weights which are averaged across the corresponding lay-
ersof all the patches. Noticethat the blinds, once again, suf-
fer from the texture aperture problem while the peaks corre-
sponding to the ground-plane texture are clearly recovered.

The recovered surface parameters are:
Estimated
Surface | dant | tilt | rky | rky | rT

“Grass’ | 583 | -874 | 0.02 | 0.13 | 0.09
“Fence” | 16.9 | -147.7 | 228 | 2.38 | 10.99

While we do not have ground truth for this image, the
“grass’ texture appearsto accurately reflect the orientation
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of the ground plane. Likewise the slant of the blinds ap-
pears to be well recovered but due to the aperture problem
we cannot hopeto recover the full orientation and shape ac-
curately.

6 Conclusions

Previous work in shape-from-texture assumes that, within
the region of interest, there is only one texture present, and
no occluders. But it is quite common in natural scenes
to see one textured surface through another, as in viewing
our canonical example of a grassy field through a fence.
We have shown theoretically that for alarge class of prob-
lems, the shape from texture problem for multiple textures
and occlusion is analogousto robust estimation of structure
frommotion. We have presented arobust shapefrom texture
method based on a combination of Malik and Rosenholtz’
[8] affine model of shape from texture and previous work
in robust affine motion estimation [1, 4], and have demon-
strated results on both synthetic and natural images which
achieve the accuracy of methods that estimate shape from
texture with only one texture.
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