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Abstract 
This paper explores the reconstruction of object sur- 

faces from viewed changes in surface texture patterns. 
Our approach differs from those in  the past in that in- 
stead of simply producing local estimates of the surface 
orientation, our algorithm recovers complete surfaces. 
Past approaches (1, 16,  4, 9, 8, 111 only found the 
surface orientation locally and, therefore, did not take 
advantage of the surface integrability constraint. Un- 
like [16, 7, 31, our algorithm does not assume that the 
surface texture pattern is isotropic; and unlike [l4,  131, 
our algorithm does not assume that the viewed surface 
is a t  some point fronto-parallel. Furthermore, our al- 
gorithm has mechanisms for handling texture bound- 
aries and, consequently, does not produce erratic re- 
sults in the regions abutting these boundaries. Results 
on real images are presented demonstrating the poten- 
tial of our approach. 

1 Introduction 
Why should computer vision researchers care about 

recovering surfaces from variations in texture? Are 
there really that many instances in which texture vari- 
ations give us enough information to recover surfaces? 
Gaze across a grassy lawn, stare at the bark on a tow- 
ering elm tree, or examine the ribbed pile of corduroy 
slacks: If viewed monocularly, only texture provides 
the cue for recovering the underlying surface structure. 
Still, in spite of notable recent advances, shape-from- 
texture algorithms have not yet proven to be practical. 
Researchers have produced accurate results by testing 
their algorithms on highly constrained scenes ~ scenes 
in which texture homogeneity assumptions hold. 

We feel, however, that in order for shape-from- 
texture algorithms to become practical three obsta- 
cles must be overcome. First, techniques are needed 
for making texture measurements near texture bound- 
aries. Since texture measurements can not be defined 
at  a point, but must be defined within some neighbor- 
hood of a point, if this neighborhood includes a tex- 
ture boundary the measurement is invalid - i.e. the 
texture homogeneity assumption is violated. Second, 
a shape-from-texture algorithm should attempt to re- 
cover more than simply the local surface orientation, 
it should recover complete surfaces, i.e. the relative 
depth of points within a homogeneously textured re- 
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gion. Most past approaches to shape-from-texture 
have focused on recovering the local surface orien- 
tation; yet, simply recovering estimates of the local 
surface orientation does not ultimately yield surface 
reconstructions. Third, techniques are needed to de- 
termine when homogeneity assumptions are valid and, 
therefore, allow for the recovery of surfaces. The ma- 
jority of images contain only select regions in which 
texture homogeneity assumptions hold. Thus, for 
shape-from-texture algorithms to produce reliable re- 
sults on these images, mechanisms in the algorithm 
must exist for suspending the process in regions of 
non-homogeneous texture. 

This paper takes steps toward solutions for the first 
two of the above listed problems and suggests a solu- 
tion to the third. First, we develop a method for mak- 
ing texture measurements in regions adjoining texture 
boundaries. To do this, we use the texture boundaries 
provided by a texture segmentation algorithm to guide 
the measurement process. Our texture measurement 
is based on a local weighted average of the matrix 
V IC7 p, where I = I (E,  y) is the image luminance. 
The averaging is weighted according to a deformable 
Gaussian window, where the boundary information is 
used to determine the position and shape of the win- 
dow. In the middle of the textured region, the Gaus- 
sian window is circularly symmetric. However, near 
a texture boundary the Gaussian window flattens, in- 
stead of crossing over the boundary. Thus, our texture 
measurements can be made arbitrarily close to texture 
boundaries. 

Second, for each textured region in the image, we 
dzrectly estimate the corresponding surface in space. 
This differs from past approaches [l, 16, 4, 9, 8, 111 
which only recover the surface orientation locally. Be- 
cause our shape-from-texture algorithm recovers com- 
plete surfaces, it takes advantage of the surface in- 
tegrability constraint - i.e. if depth is denoted by 
d = d(z,y),  than d2d/dzdy = d2d/dydx. Further- 
more, unlike [16, 7, 31, our algorithm does not assume 
that the surface texture pattern is isotropic; and un- 
like [14, 131, our algorithm does not assume that the 
viewed surface is at  some point fronto-parallel. 

Third, we suggest a measure for determining when 
a prespecified region in the image does in fact satisfy 
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the homogeneity assumption. Without a measure of 
this type, there is no way to gauge the validity of the 
surface reconstructions. 

2 Texture Measurement Method 
Much of the difficulty in recovering surfaces from 

texture variations stems from the fact that texture can 
not be defined at  a point, but rather must be defined 
as a measurement over region in the image - a region 
roughly the size of the period of the texture. Many 
people have proposed various methods for locally re- 
covering surface orientation from texture: Bajcsy and 
Lieberman [l] used the peaks in the FFT spectrum, 
Witkin [16] and Blake and Marinos [4] used second 
order statistics of line elements, Carding [8] used sec- 
ond order moments of the FFT spectrum, Super and 
Bovik [14] used second order moments of narrow band 
Gabor wavelets, and Malik and Rosenholtz [ll] used 
the whole FFT spectrum. A disadvantage to all of 
these methods was that no mechanism was proposed 
for adjusting the measurement region so that it does 
not cross over texture boundaries. 

We propose a method which exploits the texture 
boundaries found by a texture segmentation algo- 
rithm, before recovering both depth and surface ori- 
entation. Our texture measurement is based on a 
local weighted average of the matrix V I V I T ,  where 
I = I ( z ,y )  is the image luminance. While the use 
of this matrix as a texture measurement matrix is 
not novel, what separates our measurement method 
is that the averaging in the matrix is weighted by a 
deformable Gaussian window. In the middle of an 
object, the Gaussian window is circularly symmet- 
ric. However, along a texture boundary the Gaus- 
sian window elongates and displaces to avoid crossing 
the boundary. Our method for gathering measure- 
ments using deformable Gaussian shaped windows is 
a modification to the nonlinear smoothing operation 
described by Nitzberg and Shiota [12]. Our method 
differs in that the shape of the smoothing kernel is de- 
termined not by the gradient of the image intensity, 
but rat>her by pre-computed image texture boundaries. 
(This method could be improved to use image tex- 
ture gradients instead of pre-computed texture bound- 
aries.) 

Our texture measurement, computed at  each point 
(E, y) in the image, is given by the following matrix 

where I is the image luminance; 9 o ( I  - 9 o I ) 2  is 
a normalizing factor to correct for image luminance 
gradients; q is a nonlinear local averaging operator 
defined by 

2 = ( ~ ’ , y ’ ) ~ ;  j 2  = @(z,y) specifies the displacement 
of the Gaussian window function; C = C(z, y) species 

Measurement windows: Far from texture bounda 
Near texture boundary 

\ 

Measurement wlndow: Without displacement or deformation 

Figure 1: Texture Measurement Window: In the 
center of the textured region the Gaussian window is 
circularly symmetric. At texture boundaries the win- 
dow deforms and displaces so as not to cross over the 
texture boundary. The solid curves indicate the ac- 
tual shapes of the windows used. The dotted curve 
indicates the shape and location of the texture mea- 
surement window abutting the boundary, before i t  is 
displaced and deformed; the white arrow indicates the 
direction and size of the displacement. 

the shape and orientation of the window function; and 
W specifies the region of integration, i.e. the size of the 
window, and is taken as W = (2 I (Z - j2)TC-1(i? - 

. Note that the texture measurement matrix 
F = F ‘1 2, y) is a function of image position. 

In the center of the textured region 
T I;  = (Z,Y) 

1 0  = = u 2 ( o  1 )  

so the Gaussian window function is not displaced and 
is circularly symmetric. In a region abutting a texture 
boundary, Cis displaced in the direction of the bound- 
ary normal toward the int,erior of the textured region; 
and, C is flattened in the direction of the boundary 
normal, while preserving llC[l = U’ (for an illustra- 
tion see Fig. 1 and for implementational details see 
[la]). The constant U must be chosen to be at least 
as large as the period of the texture pattern. If U is 
smaller than this, then the texture measurement win- 
dow is too small and the texture measurements are, 
consequently, unreliable. If U is chosen significantly 
larger than this, then the texture measurements will 
ultimately produce a flattening of the surface curva- 
ture. For long planar surfaces this is not a problem, 
but for surfaces with sharp curvature the flattening is 
noticeable. Naturally, this trade-off is inherent in all 
shape-from-texture algorithms. 

It has been known for quite sometime in the sig- 
nal processing community that the local averaging of 
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that the measurement matrix F respects the texture 
boundaries. 

3 Estimating Surfaces 
It is easy to see that if the texture on the surface of 

an object is roughly homogeneous, then changes in the 
texture measurement matrix F are caused by changes 
in the object depth and surface orientation. Yet, how 
does this measure vary with changes in the distance 
and orientation of the observed surface? 

One can show that if we know the texture mea- 
surement matrix F for a specific depth and surface 
orientation, then we can calculate -- in the absence of 
noise - what the measurement matrix should be for 
any depth and surface orientation. In particular, if 
F = M when the depth d equals the focal length f, 
and surface orientation V d  = 0, then for any arbitrary 
depth and surface orientation 

F N A M A ~  (2) 

where A is a 2 x 2 symmetric matrix with components 

F =  

Figure 2: Texture Measurements: The top illus- 
tration shows an image of a tree trunk in front of a 
dried up lake bed. The bottom illustration shows the 
texture measurement matrix F resulting from apply- 
ing Eq. 1 to the image at the top of the figure. 

the matrix V I V I T  is nearly equivalent to the sec- 
ond moment matrix of the localized Fourier Trans- 
form. Consequently, local averaging of VI VI^ is also 
nearly equivalent to to Super and Bovik’s 2nd order 
local spectral moments [14] , computed using Gabor 
wavelets. Krumm and Shafer [lo] and Rosenholtz and 
Malik [ll] differ in that they use the whole FFT spec- 
trum, not simply the second order moments. Natu- 
rally, there are advantages and disadvantages to using 
the whole FFT spectrum. The principal advantage is 
that all of the texture information is used when the 
whole FFT spectrum is computed; the principal dis- 
advantage is that window size needed to reliably com- 
pute the FFT spectrum is sizable - so much so that a 
flattening of surface curvature will result. 

We should point out that these are certainly not the 
only type of texture measurement methods. Witkin 
[16 , Blostein and Ahuja [6], Kanatani and Chou [9], 

suring the density of texels or edges. These methods 
have the advantage of being slightly “invariant” to im- 
age focus. 

However, this paper is not intended as a study 
of texture measurement methods for shape-from- 
shading, as we are not - at this point - certain as to 
what is the best choice for the texture measurement. 
However, we are certain that whatever measurement 
is used, it must respect texture boundaries. 

To illustrate our method, we have computed the 
matrix F for an image with two homogeneous tex- 
tures. In the top of Figure 2,  we have included an 
image of a tree trunk in front of a dried up lake bed. 
At the bottom of the figure, we have included the tex- 
ture measurement matrix F resulting from applying 
Eq. 1 to the image at the top of the figure. Kote 

an d Blake and Marinos [3] measure texture by mea- 

d i  d d z  + d i  + ( d / f I 2  + d ; ( d / f )  

d z  + dF a22 = 

d ,  = d d / d x ;  and d ,  = dd /dy .  The reader has been 
spared the derivation of the A matrix. 

Equation 2 is approximate for several reasons. 
First, it assumes that the surface in space is locally 
planar. Second, it ignores the fact that we have delib- 
erately altered the measurements near texture bound- 
aries. Third, it assumes that the small angle approx- 
imation is valid, i.e. the angle a ray originating from 
(z, y) makes with the optical axis is small. 

The matrix A is an affine transformation specify- 
ing - to first order - how points on the tangent plane 
of the object’s surface are mapped to the image plane. 
This matrix A is a natural extension of Super and 
Bovik’s orthographic projection matrix [14] to per- 
spective projection, and it differs from Garding [SI in 
that A is defined relative to a fixed image plane coor- 
dinate system. 
3.1 Without Surface Integrability 

Garding 81 effectively found the local surface ori- 
entation an 6 depth by assuming the matrix A4 was 
known and then solving 

(3)  F = A M A ~  

for V d  = {dz ,d , }T  and d .  As Garding pointed out,  
however, O d  in Eq. 3 can only be determined up to a 
sign, i.e. the sign of the tilt direction of the surface is 
ambiguous. To get around this, Garding used depth 
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estimates at neighboring points to correct for the sign 
ambiguity. 

Rosenholtz and Malik [ll] extended Garding’s tech- 
niques, recovering not only local surface orientation, 
but surface shape (i.e. curvature) as well. To over- 
come the sign ambiguity in Eq. 3 and to recover sur- 
face shape, they incorporated additional information 
by considering the texture variation for neighboring 
points in a number of different directions. They tested 
their model by applying it at a single point in the im- 
age. Although, they did not attempt to recover the 
complete surface in space, they could have applied 
their model repeatedly - as Garding did - to recover 
depth and surface orientation estimates for points in 
the image. Yet, in doing this, all of the depth and sur- 
face orientation estimates would be done independent 
of one another. 

A disadvantage of both methods - apart from the 
fact that they have no mechanisms for computing tex- 
ture measurements near boundaries - is that because 
they only recover surface information locally, they do 
not take advantage of the surface integrability con- 
straint. Each estimate of the depth d and the surface 
orientation V d  is found independently; yet, the sur- 
face orientation V d  should actually be determined by 
the relative depths at  neighboring points. 
3.2 Requiring Surface Integrability 

We argue that estimates of d and V d  = {d,,d,} 
a t  a point in the textured region must be coupled to 
the estimates for neighboring points. Thus, we re- 
quire that V d  at a point in the image be determined 
by the depth estimates at neighboring points. This 
requirement effectively enforces a surface integrability 
constraint. 

Because neighboring points are coupled together, 
we find the collection of depth estimates d which best 
agrees with Eq. 3 for each point ( x , y ) .  To do this, 
we use a least squares optimality criterion, choosing d 
and M as those which minimize 

where the notation {.}iJ denotes the i j t h  element of a 
matrix, and X is a region of homogeneous texture. 

The strength of this technique is fourfold. First, t-he 
method has a mechanism for recovering the portions of 
surfaces near texture boundaries. Second, the method 
recovers complete surfaces, not simply the local sur- 
face orientation. This differs from past approaches 
[l, 16, 4, 9, 8, 111 which only find the surface orien- 
tation locally and, therefore, do not take advantage 
of the surface integrability constraint - d’d/dxdy  = 
d 2 d / d y d x .  Third, because we recover complete sur- 
faces, as a byproduct we recover the surface shape as 
well. Measurements for the resulting surface curva- 
ture can be easily made from the reconstructed sur- 
face. Thus, we circumvent all of the machinery in [ll] 
needed for estimating curvature. Fourth, because the 
tilt ambiguity is implicitly resolved, we eliminate - in 
most instances - the complications caused by Gard- 
ing’s [8] “phantom surfaces.” 

Figure 3: Phantom Surfaces: Each of the sketched 
surfaces would produce nearly identical texture mea- 
surements F .  The only cue to differentiating between 
them is small perspective changes. Thus, if the first 
surface on the left is the true surface, than either the 
middle or right surface may - in presence of noise - 
actually minimize Eq. 4. 

3.3 Requiring Surface Smoothness 
Without the information given by perspective, 

the shape-from-texture problem is underconstrained. 
Since we rely on perspective information to resolve the 
tilt ambiguity, i.e. the sign of V d ,  if perspective infor- 
mation is not strong enough or the noise in the image 
is great enough, then there are many different possible 
surface reconstructions. 

This fact is easiest to illustrate in 1-D. Figure 3 
contains the sketches of three surfaces. Each of the 
sketched surfaces would produce nearly identical tex- 
ture measurements F .  The only cue to differentiating 
between them is small perspective changes. Thus, if 
the first surface on the left is the true surface, than 
either the middle or right surface may - in presence of 
noise - actually minimize Eq. 4. Naturally, these are 
not the only surfaces for which this may be true: we 
can construct an infinite number of possible “phantom 
surfaces” (the term belongs to Garding [SI) by invert- 
ing the sign V d  at random points along the surface. 

To get around this, we constrain the space of possi- 
ble surfaces by putting a constraint on the smoothness 
of the reconstructed surfaces. To do this we use a thin 
plate type surface prior (see Blake and Zisserman [5] 
and Szeliski [15]) which biases in favor of surfaces with 
small curvature. The optimality criterion in Eq. 4 be- 
comes 

E [ d ,  M] = // (Fij - {AMAT]ij)’  d z  d y  
X ij 

+CY // V2d d x d y  (5) 
J J x  

where V 2 d  = d 2 d / d x C 2  + d 2 d / d y 2 .  
3.4 Verifying Texture Homogeneity 

Because the majority of images contain only se- 
lect regions in which texture homogeneity assump- 
tions hold, mechanisms are needed for suspending the 
shape-from-texture reconstruction process in regions 
of non-homogeneous texture. Initial experiments have 
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Figure 4: Results: 
With surface smoothness prior. 

(a) Without surface integrability constraint. (b) With surface integrability constraint. (c) 

shown that the optimality criterion in Eq. 5 serves as 
a good metric for determining the validity of homo- 
geneity assumptions. Surfaces on which the texture 
patterns are far from homogeneous have large mini- 
mum values for Eq. 5. Thus, the magnitude of the 
minimum value for E[d,  MI may prove to be a nice in- 
dicator of the reliability of the surface reconstructions. 

4 Results 
In this paper, we have discussed three methods for 

shape-from-texture surface reconstructions. In this 
section, we compare the results obtained by apply- 
ing each of the three methods to  the data in Fig. 2. 
Details of each implementation can be found in [a]. 

Figure 4a is the result of solving Eq. 3 for Vd.  Here 
the surface orientation is recovered locally, without us- 
ing a surface integrability constraint. The left image 
of Figure 4a is a wire frame reconstruction of d.  The 
center image of Figure 4a is a vector field correspond- 
ing to  Vd. The length and width of the arrows are 
proportional to I Vdll. The right image of Figure 4a 

surface. We have not attempted to correct for the tilt 
is the vector fie1 d Vd mapped onto the reconstructed 

ambiguity (as Garding did), because careful examina- 
tion of the wire frame will show that this correction 
would be as often wrong as it was right. 

For this result, we have assumed that the M ma- 
trices for the two homogeneously textured regions in 
Fig. 2 have already been computed. An effective 
method for computing A4 is developed by Rosenholtz 
and Malik [ll]. Note that because the image textures 
in Fig. 2 are not isotropic, we can not assume that the 
M matrices are scaling of the identity matrix. Thus, 
the algorithms proposed in [16, 7, 31 could not han- 
dle scenes of this type. And, because neither the lake 
bed nor the tree trunk is anywhere fronto-parallel, the 
algorithms in [14, 131 could not be initialized. 

Note that because M must be estimated along with 
the depth, the d can only be determined up to a scal- 
ing factor. Therefore, we can not actually recover the 
depth difference between the tree trunk and the lake 
bed. Yet, we have chosen the scaling to aid in the 
interpretation of the results. 

Figure 4b is the result of solving Eq. 4 for d ,  V d ,  
and M .  Here the depth and surface orientation is re- 
covered using a surface integrability constraint. The 
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left image of Figure 4b is a wire frame reconstruction 
of d .  The center image of Figure 4b is a vector field 
corresponding to Vd. The len th and width of the 
arrows are proportional to IlVdi. The right image of 
Figure 4b is the vector field Vd mapped onto the re- 
constructed surface. Note that the wire frame recon- 
struction is significantly closer to the actual surface 
than the reconstruction obtained without the integra- 
bility constraint. Furthermore, in most instances the 
tilt ambiguity - as seen in the vector field of the center 
image in Fig. 4b - has been resolved. 

Figure 4c is the result of solving Eq. 5 for d ,  Vd. 
and M .  Here the depth and surface orientation is 
recovered using a surface integrability constraint and 
a smoothness constraint. The left image of Figure 4c is 
a wire frame reconstruction of d. The center image of 
Figure 4c is a vector field corresponding to Vd. The 
length and width of the arrows are proportional to 
((Vdll. The right image of Figure 4c is the vector field 
Vd mapped onto the reconstructed surface. Note that 
the results have improved yet again - particularly in 
places where the perspective cues are weak. 

5 Summary and Conclusions 
In spite of a considerable body of work on the 

shape-from-texture problem, none of the published al- 
gorithms, to our knowledge, are truly robust, general 
purpose solutions. While we believe that the tech- 
niques presented in this paper are a step in the right 
direction; clearly much work needs to be done before 
surface reconstructions from texture prove to be prac- 
tical. 

We must investigate - zn depth - when the tech- 
niques outlined in this paper work and when they 
break down. We must investigate combining the in- 
formation provided by shape-from-texture with other 
visual cues. Certainly one can not hope to construct a 
vision system which considers only texture cues. We 
must investigate ways of automating the process of 
finding texture boundaries. In this paper, we have 
assumed that they are known, but clearly this is an 
equally open area of research. Finally, we must test 
our suggested scheme for determining the reliability of 
the surface reconstructions. Because the majority of 
images contain only select regions in which texture ho- 
mogeneity assumptions hold, mechanisms in the algo- 
rithm must exist for suspending the process in regions 
of non-homogeneous texture. 
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