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Abstract: Algorithmic 3D reconstruction methods like stereopsis or structure from motion fail to extract depth at ho-
mogeneous image structures where the human visual system succeeds and is able to estimate depth. In this
paper, using chromatic 3D range data, we analyze in which way depth in homogeneous structures is related to
the depth at the bounding edges. For this, we first extract the local 3D structure of regularly sampled points,
and then, analyze the coplanarity relation between these local 3D structures. We can statistically show that the
likelihood to find a certain depth at a homogeneous image patch depends on the distance between the image
patch and its edges. Furthermore, we find that this prediction is higher when there is a second edge which
is proximate to and coplanar with the first edge. These results allow deriving statistically based prediction
models for depth extrapolation into homogeneous image structures. We present initial results of a model that
predicts depth based on these statistics.

1 INTRODUCTION dences cannot easily be found.

In figure 1, the relation between the depth of ho-

Depth estimation relies on the extraction of 3D struc- Mogeneous image structures and edges is shown. In
ture from 2D images which is realized by a set of figure 1(a), we see that the depth of homogeneous im-
inverse problems including structure from motion, age structures is directly related to the depth of the
stereo vision, shape from shading, linear perspective,bounding edges; however, this relation does not al-
texture gradients and occlusion (Bruce et al., 2003). ways exist as shown in figure 1(b,c) where the depth
In methods which make use of multiple viewise( is cued in shading.
stereo and structure from motion), correspondences  With the notion that the human visual system is
between different 2D views of the scene are required. adapted to the statistics of the environment (Brunswik
In contrast, monocular or pictorial cues such as shapeand Kamiya, 1953; Knill and Richards, 1996;iger,
from shading, utilization of texture gradients or linear 1998; Kiiiger and Vérgotter, 2004; Olshausen and
perspective use statistical and geometrical relations inField, 1996; Rao et al., 2002; Purves and Lotto, 2002)
one image to make statements about the underlyingand its successful applications to grouping, object
3D structure. recognition and stereo (Elder and Goldberg, 2002; El-
Many surfaces have only weak texture or no tex- der etal., 2003; Pugeault et al., 2004; Zhu, 1999), the
ture at all, and as a consequence, the correspondencanalysis, and the usage of natural image statistics has
problem is very hard or not at all resolvable for these become an important focus of vision research. More-
surfaces. Nevertheless, humans are able to reconover, with the advances in technology, it has been also
struct 3D information for these surfaces, too. This Possible to analyze the underlying 3D world using 3D
gives rise to the assumption that in the human visual range scanners (Howe and Purves, 2004; Huang et al.,
system, an interpolation process is realized that start-2000; Potetz and Lee, 2003; Yang and Purves, 2003).
ing with the local analysis of edges, corners and tex- In this paper, by making use of chromatic range
tures, computes depth also in areas where correspondata (see figure 3 for examples), we investigate



whether the depth at homogeneous image structures

are related to or predictable by the depth of the edges

that bound them. This investigation is important be- —>O
cause (1) it contributes to a better understanding of the *
intrinsic parameters of the 3D world, and (2) it sug-
gests an indirect method to estimate the depth for ho-
mogeneous image structures; that is, using the depth
estimations about the edges to predict the depth of ho-
mogeneous image structures instead of using the 2D
image information itself as shown in figure 1(a).

There have been only a few studies that have in-

;i?gg:tz%éz? Sl?a\évgg?;[or;o:)a(? glfa(ljkfgﬁ St_';lwezggg_ Figure 1: IIIust_ration of the relation between tr_]e depth of

’ ! " ' " ' homogeneous image structures and the bounding edges. (a)
Potetz and Lee, 2003; Yang and Purves, 2003). In |, the case of cube, the relation is eminent. However, in the
(Yang and Purves, 2003), the distribution of rough- case of round surfaces, (b) the depth of homogeneous image
ness, size, distance, 3D orientation, curvature andstructures may not be related to the depth of the bounding
independent components of surfaces was analyzededges. (c) Inthe case of a cylinder, we see both cases of the
Their major conclusions were: (1) local 3D patches relation asillustrated in (a) and (b).
tend to be saddle-like, and (2) natural scene geome-
try is quite regular and less complex than luminance
images. In (Huang et al., 2000), the distribution of this sense, our work is a natural extension of (Kalkan
3D points was analyzed using co-occurrence statis- et al., 2006).
tics and 2D and 3D joint distributions of Haar filter The outline of the paper is as follows: In section 2,
reactions. They showed that range images are muchdifferent types of local 3D structures are introduced.
simpler to analyze than optical images and that a 3D In section 3, the methodology underlying our statis-
scene is composed of piecewise smooth regions. Intical analysis is presented. The results are presented
(Potetz and Lee, 2003), the correlation between light and discussed in section 4. Finally, in section 5, the
intensities of the image data and the corresponding Paper is concluded.
range data as well as surface convexity were investi-
gated. They could justify the event that brighter ob-
jects are closer to the viewer, which is used in shape2 | OCAL 3D STRUCTURE TYPES
from shading algorithms for estimating depth. In
(Howe and Purves, 2002; Howe and Purves, 2004), £or our work, we have made use of the classification
range image statistics were analyzed for explanationiroquced in (Kalkan et al., 2006) where it is intu-
of several visual illusions. itively argued that the local 3D structure of a point

In (Kalkan et al., 2006), a higher-order repre- can be:

sentation of the 2D local image patches and the o Surface Continuity: The underlying 3D structure
3D local patches were considered; they represented  can be described by one surface whose normal
2D images in terms of homogeneous, edge-like does not change or changes smoothly.
and corner-like structures whereas 3D range data in
terms of continuities, gap discontinuities and orien-
tation discontinuities (see section 2). With these
representations, they could compute the probability
P(3D Structure| 2D Structurg which among other
things justifies and quantifies the assumption that if e Irregular Gap discontinuity: The underlying 3D
two image points do not have contrast difference in-  structure shows high depth variation and cannot
between, then they are likely to be coplanar. This as-  be described by two or three surfaces. An example
sumption is called 'no news is good news’ and widely of an irregular gap discontinuity is shown in figure
used in 3D reconstruction studies (seg, (Grimson, 2(e).

1983)). e Orientation Discontinuity: The underlying 3D
All the studies discussed above are first-order, an-  structure can be described by two surfaces with
alyzing the relation between the image data and the  significantly different 3D orientations that meet at
range data. In this work, however, we are interested  the point whose 3D structure is being questioned.
in higher order relations between local 3D features. In In this type of discontinuity, no gap but a change

(@) (b) (c)

e Regular Gap discontinuity: The underlying 3D
structure can be described by a small set of sur-
faces with a significant depth difference. An ex-
ample of gap discontinuity is shown in figure 2(d).



Figure 3: A subset of the 20 3D data sets used in the
analysis. The points without corresponding range data are
marked in blue. The gray image shows the range data of
the top-left scene. The resolution range of the whole data
set is [512-2048]x[390-2290] with an average resolution of

1140x1001.

is measured by exploiting the fact that two meeting
surfaces with different orientations produce two clus-
ters in the histogram distribution of the 3D orientation

Figure 2: lllustration of the types of 3D discontinuities. (a) of the points. An irregular discontinuity is measured
2D image. (b) Continuity. (c) Orientation discontinuity. by exploiting the fact that the histogram distribution

(d) Gap discontinuity. (e) Iregular gap discontinuity. (f) of the 3D orientation of the points should be flat.
3D discontinuity of each pixel is shown in different colors.

Blue: continuous surfaces, light blue: orientation discon- Discontinuity types of each pixel for a scene is
tinuities, orange: gap discontinuities and brown: irregu- shown in figure 2(f) where the local 3D structure type

lar gap discontinuities. Dark blue indicates points without of each point is shown in different colors.
range data.

in 3D orientation between the meeting surfaces
occurs. An example for this type of discontinu- 3 METHODS
ity is shown in figure 2(c).

3D discontinuities are detected in studies which
involve range data processing, using different meth- In our analysis, we used chromatic range data of
ods and using different names like two-dimensional outdoor scenes which were obtained from Riegl UK
discontinuous edge, jump edge or depth discontinu- Ltd. (http://www.riegl.co.uk/). There were 20
ity for gap discontinuity; and, two-dimensional corner scenes in total; due to space limitations, only two of
edge, crease edge or surface discontinuity for orienta-them are shown in figure 3. The range of an object
tion discontinuity (Bolle and Vemuri, 1991; Hoover which does not reflect the laser beam back to the scan-
etal., 1996; Shirai, 1987). ner or which is out of the range of the scanner cannot
For our analysis, we have adopted the measuresbe measured. These points are marked with blue in
defined in (Kalkan et al., 2006). In this work, a gap figure 3 and are not processed in our analysis. The
discontinuity is measured by simple edge detection in resolution range of the data set is [512-2048]x[390-
XYZ coordinate values. An orientation discontinuity 2290] with an average resolution of 1140x1001.



3.1 Representation

‘ Rangeimage‘—» ‘ Discont. image‘
Using the 2D image and the associated 3D range data l
a representation of the scene is created in terms of Ig
cal compository 2D and 3D features denotedtby Local 2D Representation Local 3D Representation
For homogeneous and edge-like structures, differen
representations are needed due to different underlyin
structures (in the rest of the paper, a homogeneous in
age structure that corresponds to a 3D continuity will
be called anona). For this reason, we have two dif- ‘%

2D

ferent definitions oftdenoted respectively by (for
edge-like structures) an@” (for monos) and formu-
lated as:

™ = (Xsp,Xzp,C.p), 1)
TlE = (X3D7X2D,(p2D7cl7C27 P1, pZ)? (2) M (XSD*XQD‘C‘VP>

whereX3zp and X,p denote 3D and 2D positions of 7 = (X3p, X9p, #op; €1, €2, P1, P2)
the 3D entity;@p is 2D orientation of the 3D entity;
c; andc, are the 2D color representation of the sur- Figure 4: lllustration of the representation of a 3D entity.
faces of the 3D entityc represents the color ofM; From t_he _2D and 3D information, local 2D and 3D repre-
p1 andp; are the planes that represent the surfaces Sentation is extracted.
that meet at the 3D entity; amrepresents the plane
of ™ (see figure 4). Note that" does not have any RegionB ) 7% }
2D orientation information (because it is undefined
for homogeneous structures), anl has two color
and plane representations to the ’left’ and right’ of
the edge.
The process of creating the representation of a |
scene is illustrated in figure 4. LD
In our analysis, the entities are regularly sampled N
from the 2D information. The sampling size is 10 pix-
els. See (Kinger et al., 2003; Kiger and Vérgotter,
2005) for details.
Extraction of the planar representation requires rigyre 5: The parameters involved in second order 3D
knowledge about the type of local 3D structure of the statistics.
3D entity (see figure 4). Namely, if the 3D entity is
a continuous surface, then only one plane needs to be

extracted; if the 3D entity is an orientation discontinu- Color representation is extracted in a similar way.
ity, then there will be two planes for extraction; if the |f the image patch is a homogeneous structure, then
3D entity is a gap discontinuity, then there will also the average color of the pixels in the patch is taken to
be two planes for extraction. be the color representation. If the image patch is edge-
In the case of a continuous surface, a single plane|ike, then it has two colors separated by the line which
is fitted to the set of 3D points in the 3D entity in  goes through the center of the image patch and which
question. For orientation discontinuous 3D structures, has the 2D orientation of the image patch. In this case,
extraction of the planar representation is not straight- the averages of the colors of the different sides of the
forward. For these structures, our approach was to fit edge define the color representation in terms, @ind
unit-planes to the 3D points of the 3D entity and find  ¢,. If the image patch is corner-like, the color repre-
the two clusters in these planes using k-means cluster-sentation becomes undefined.
ing of the 3D orientations of the small planes. Then,
one plane is fitted for each of the two clusters, pro- 3 - Collecting the Data Set
ducing the two-fold planar representation of the 3D
entity.

o
o

~ |

In our analysis, we form pairs out of s that are close

1By unit-planes, we mean planes that are fitted to the 3D €nough, and for each pair, we check whether monos
points that are 1-pixel apart in the 2D image. in the scene are coplanar to the elements of the pair



of 1, i.e., the normal oft; and,l (I1,1,) is true if the
linesl; andl, intersect. We have taken N to be 100.
Next, we have to determine which monos in re-
gion A should be analyzed for the relation; that is,
what is the shape of region A? Empirically, it turns
out that an ellipse (1) is the computationally cheapest
shape and (2) fits to different configurationswfand
1, under different orientations and distances. Neither
a rectangle nor a circle satisfy these two properties.
Figure 6 demonstrates the ellipse for the example pair

of edges in figure 5. The center of the ellipse is at the
intersection of the normals of the edges which we call
as the intersection point (IP) in the rest of the paper.

For each pair of edges i, we decide on which
region to analyze the relation of depth by intersect-
ing the normals of the edges. Then, we associate the
monos inside the ellipse that are defined by the pair of
edges.

Note that ar® has two planes that represent the
underlying 3D structure. Whents become asso-
ciated to monos, only one plane that faces the el-
lipse becomes relevant. LefF denote the semi-
representation aft which can be defined as:

& ~ °F = (X3p, X20, C, P). (4)
d> & Note thatrE is equivalent to the definition af in
equation 2.
%0 Let 7 denote the data set which storBsand the
= §> §> associated monos which can be formulated as:
s
P©\ G T = {(rg", 85 ") | (nf,78) € 2. e sV,

_ ) ) ! € E(rg,15)}, ®)
Figure 7: lllustration of a pair of€ and the set of monos M

associated to them. Top-left shows the 2D image. Top-right WhereS™ is the set of alm™, andE(n§, 75) repre-
shows the 3D representation of the scene in our 3D visual- sents the ellipse associatedrfpandrs?.

ization software. At the bottom, a part of the 3D represen- A pair of T€s and the set of monos associated to
tation is displayed in detail where the edges are shown in {ham are illustrated in figure 7. The edges are shown

blue; the monos coplanar with the edges are shown in green,.
and non-coplanar monos are shown in red. The entities are'” blue, and the coplanar and non-coplanar monos are

drawn in rectangles because of the high computational com- Shown in green and red, respectively.

plexity of drawing circles. 2The parameters of an ellipse are composed of two fo-

cus pointsfy, f, and the minor axi®. In our analysis, the
) more distant 3D edge determines the foci of the ellipse (and,
or not. As there are plenty of monos in the scene, we hence, the major axis), and the other 3D edge determines the

only consider a subset of monos for each pairtof minor axis.

that we suspect to be relevant to the analysis because Let us denote the position of two 3D edge, 15 by
otherwise, the analysis becomes computationally in- (X20)1 and(Xzp)2 respectively. The vectors between the
tractable. The situation is illustrated in figure 5. In 3D edges and IP (let us calandl,) can be defined as:
this figure, twor and three regions are shown; how- l1 = ((X2p)1—IP),

ever, only one of these regioris(, region A) is likely l> = ((X2p)2—IP). (6)

to have coplanar monos.g, see figure 1(a)). , , _ . )
i . ! Having defined; andly, the ellipseE(1t7, ;) is as follows:
Let 7 denote the set of pairs of proximat&s 9 ! 2 PSeE(ri, 1)

whose normals intersecP, can be defined as: E(E 1E) 7{ f1=(Xap)1, f2 = (Xap)3,b=[lo]  if [I] > [I2],
1:12) —

B} = o= . ™
P = {(E.1) | Vi . c Q) 1L (E). L6}, @ 1= Xen)z, T = (an)eub=lla] - othenwise

] ) ) where(Xp)' is the symmetry oK,p around the intersec-
whereQ(1f) is the N-pixel-2D-neighborhood af; tion point and on the line defined B¥,p andIP (as shown
L (1€) is the 2D line orthogonal to the 2D orientation in figure 6).



3.3 Definition of Coplanarity In figure 8(c), the likelihood of the coplanarity of a

mono against the distancel® (i.e., P(cop(m*, 1 A
Let 7 denote either a semi-edg&F or a monor. 15) | dyu (T, 1P), dnv (T, 1P))) is shown. We see in
Two T are coplanar iff they are on the same plane. the figure that the likelihood shows a flat distribution
When it comes to measuring coplanarity, two criteria against the distance to IP.

need to be applied: In figure 8(d), the likelihood of the coplanarity
—_ of a mono against the distance 1§ and 1% (i.e,,
cop(ry,1§) = a(p™, p"?) < T, AND P(copm 1€ A TE) | dN(nM,nE),dN(nM,nf))) is

d(p™, 1§)/d(rE, T§) < Ty,(8)  Shown. We see that when” is close torf or 1%,
it is more likely to be coplanar witm§ and & than
wherep™ is the plane associated 18; a(py,p2) is when it is equidistant to both edges. The reason is
the angle between the orientationspafandpz; and,  whent™ moves away from an equidistant point, it
d(.,.) is the Euclidean distance between two entities. becomes closer to the other edge and in that case, as
In our analysis, we have empirically chos&p shown in figure 8(a), the likelihood increases.

andTq as 20 and 0.5, respectively. The results, especially figure 8(a) and (b) confirm
the importance of the relation illustrated in figure 1(a).

In figure 9, first results of an unpublished ongoing

4 RESULTS AND DISCUSSIONS work on a depth prediction model based on the pre-

sented statistical framework are presented. 9(c) shows

The data set consists of pairstf, TG and the associ- the r_es_ults of feature-bgsed stereo while in 9(d), depth
ated monos. Using this set, we compute the likelihood Predictions are shown in our 3D display software
that a mono is coplanar withfand/ort§ against a
distance measure.

Figure 8 shows the results of our analysis. In fig-
ure 8(a), the likelihood of the coplanarity of a mono
against the distance @ or 15 is shown. This like-

lihood can be denoted formally &cop(m, T A In this paper, using 3D range data with real-world
15) | du(r, 1)) wherecop(r, nf ATG ) is defined  color information, we have analyzed whether the
ascop(Tt;, 15 ) A COp(ﬂMvnE)a andrt is eitherny or depth of a mono is predictable from the depth of
15. The normalized distance meastidy (1, 7%) is the edges that bound the homogeneous image patch.

5 CONCLUSION

defined as: We have analyzed the predictability of the depth of a
d(m¥, 7E) mono given a single edge and a pair of coplanar edges.

dn (!, ) = 7 ) We have shown that a mono is more likely to be
2\/d(“57 IP)2 4 d(1%;,IP)? coplanar with an edge when it is closer to the edge and

when there is another coplanar edge in the neighbor-
whereTt" is eithermiy or 15, andIP is the intersec-  hood. We have shown that the existence of a coplanar
tion point of T and ;. We see in figure 8(a) that  edge in the neighborhood is a strong event and to our
the likelihood decreases when a mono is more distantknowledge, is not recognized by the literature.
from an edge. However, when the distance measure
gets closer to 1, the likelihood increases. This is be- |,

cause when the mono gets away from eitiigor 15, rectly from the available information at the edges. We

it becomes closer to the othef. . believe that this is a new approach to 3D reconstruc-
In figure 8(b), we see the unconstrained case of tion.

figure 8(a);i.e, the case where there is no infor- hi Vi .
mation about the coplanarity of and 15, namely In this paper, we are only interested in second-
P(cop(m™, TE) | dy (T, TE)) whéreT[E ia ’eithernE’ order long-range relations between local features. For
or 15. V\/e see that tﬁe likelihood distribution ils is round objects like shown in figure 1(b,c), the depth

weaker than the case when andTE are coplanar information is given by the shading whose statistical
The comparison with figure 8(a) shzows that the e>.<is- properties can only be captured by different relations.

tence of another edge in the neighborhood increases !N our current work, we are developing a model
the likelihood of finding coplanar structures. that _explons the statistics presentgd in this paper to
predict the depth of homogeneous image patches from
3In the following plots, the distance means the Eu- the depth of edges. First results of this ongoing work
clidean distance in the image domain. are also presented in the paper.

The results suggest that the depth estimation at
mogeneous image structures can be achieved indi-
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Figure 8: Likelihood distribution of coplanarity of monos.

In each sub-figure, left-plot shows the likelihood distribution

whereas right-plot shows the frequency distribution. (a) The likelihood of the coplanarity of a monvamhd 1'['2E against

the distance tat or 15 (b) The likelihood of the coplanarity of a mono witty

or TG against the distance @ or 7% (c) The

likelihood of the coplanarity of a mono against the distandd’tq(d) The likelihood of the coplanarity of a mono against the

distance tat: and 5.
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