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A b s t r a c t .  We address the problem of scene segmentation and shape recovery 
from a single real intensity image. Solving this problem is central to obtaining 
3-D scene descriptions in realistic applications where perfect data cannot be ob- 
tained and only one image is available. The method we propose addresses a 
large class of generic shapes, namely straight homogeneous generalized cylin- 
ders (SHGCs). I t  consists e f the  derivation and use of their  geometric projective 
properties in a multi-level grouping approach. We describe an implemented and 
working system that  detects and recovers full SHGC descriptions in the pres- 
ence of image imperfections such as broken contours, surface markings, shad- 
ows and occlusion. We demonstrate our method on complex real images. 

1 I n t r o d u c t i o n  

Scene segmentation and shape recovery are key problems for 3-D scene de- 
scription from a monocular image. It is important to solve this problem because mo- 
nocular intensity images are easier (and cheaper) to acquire and recovering 3-D 
descriptions is important for many applications including grasping in robotics and 
recognition using higher level descriptions. However, there are two major difficulties 
that need to be addressed. First, images provide only (2-D) appearances of objects 
and recovering 3-D shape is an under-constrained problem and a particularly diffi- 
cult one for curved objects. Second, real images introduce many difficulties for a seg- 
mentation method since they usually produce broken contours, surface marking, 
shadows and occlusion. Figure 1.1 shows an example of a real image and its extract- 
ed edges. These imperfections make the figure~ground problem, a key step in scene 
analysis, particularly hard. 

To solve this problem, we usegeneric instead of specific object models. By ge- 
neric, it is meant a class of shapes that spans a large number of objects. In recovering 
generic shape descriptions, we gain higher indexing power for recognition and capa- 
bilities to learn new objects. More specifically, we address the segmentation and 3-D 
recovery of generalized cylinders (GCs) [3] from such monocular real images. Our ap- 
proach is to h a n d l e  a sma l l  n u m b e r  of sub-c lasses  (pr imi t ives)  of  GCs:  straight ho- 
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Figure 1.1 A real intensity image and its extracted edges 

mogeneous generalized cylinders (SHGCs) and planar, curved, generalized cylinders 
(PRGCs). They are characterized by the scaling of a cross-section along a straight 
axis and a curved planar one respectively. These two primitives capture a large num- 
ber of objects in our environment such as tea pots, vases and screw drivers. There is 
even psychological evidence that human perception of objects is strongly influenced 
by perception of a small number of similar primitives [2]. Since our interest is to han- 
dle compound objects made up of both types of primitives, methods of segmentation 
and recovery of each one of them need to be devised. 

Here, we present a method for the segmentation and recovery of SHGCs in 
the presence of the previously mentioned real image imperfections, including occlu- 
sion. It is based on deriving and using their geometric invariant properties in a 
multi-level grouping approach. The importance of using invariant properties lies in 
their nature: they are viewpoint independent properties. Those that we use charac- 
terize the projection of the 3-D shape of SHGCs and provide strong constraints for 
their detection. This has two key consequences: the method addresses 3-D scene seg- 
mentation (produces projective descriptions) not image segmentation and becomes 
viewpoint independent which is highly desirable for 3-D scene analysis. 

SHGCs and their properties have been addressed by several researchers. 
Their invariant properties have been addressed in [11,14,19,21,22]. Their 3-D shape 
recovery, including partial descriptions, has been addressed in [6,7,10,21,22]. Their 
recognition and pose estimation have been addressed in [8,16]. The above methods 
did not address the segmentation problem and full recovery of SHGCs from a real 
intensity image. Sato and Binford [19] did address the detection of SHGCs from a 
real image. Their method and ours differ in the way the properties are used and in 
the complexity of the scene they can handle. We will give a comparison in Sect. 5. 

Most previous work on generic shape detection has either assumed perfect 
boundaries [1,12] and/or addressed ribbons [5,9,15] without rigorously relating the 
obtained descriptions to the 3-D shape of the objects they describe. 

The method we present proceeds in three grouping levels: the curve level, the 
parallel symmetry level and SHGC patch level. The curve level uses a conservative 
co-curvilinearity boundary grouping and is intended to bridge short gaps and reduce 
the search space at subsequent levels. The parallel symmetry level is intended to hy- 
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pothesize SHGC cross-sections. The SHGC patch level is intended to form complete 
SHGC object descriptions wherever possible in the image. The constraints used in 
those steps are derived from the geometric projective properties ofSHGCs. Resulting 
descriptions are then used to recover 3-D object centered descriptions in terms of the 
3-D axis, 3-D cross-section and 3-D scaling function. The method and the properties 
we describe assume orthographic projection; i.e. objects dimensions are assumed 
small compared to their distance from the camera. It also assumes that  scene 
SHGCs have (at least partially) visible cross-sections in the image and that they are 
not part  of composite objects (addressed in a separate effort). Through the results of 
this work, we hope to convey a two-fold message: that invariant properties of generic 
shapes can be used to solve the 3-D object segmentation problem and that there is 
hope to solve the difficult problem of 3-D curved shape recovery and recognition from 
a single, real, 2-D image for a large class of objects. 

We organize the discussion as follows. In Sect. 2 we give useful invariant 
properties of SHGCs. In Sect. 3 we describe our segmentation method and give ex- 
amples of its application on some examples. In Sect. 4 we demonstrate the applica- 
tion of the resulting descriptions for 3-D shape recovery. In Sect. 5, we give a 
discussion about advantages and limitations of the method. We conclude in Sect. 6. 

2 P r o p e r t i e s  o f  SHGCs 

In this section, we give useful geometric properties of the projection of an 
SHGC. Some of them have be derived in previous work [14,20,21]. For lack of space 
we will omit proofs. First, we give relevant definitions. 

Def in i t ion  1: An SHGC (straight homogeneous generalized cylinder) is the surface 
obtained by sweeping a planar cross-section curve C along a straight axis A while 
scaling it by a function r. 

Let C be parameterized as C(t) = (u(t), v(t)), r(s) the scaling function and a the 
angle between the cross-section plane and the SHGC axis, then the surface of the 
SHGC can be parameterized as follows (using the formulation of [20]; see Fig. 2.1): 

S(t, s) = ( u(t} r(s) sina, v(t) r(s), s + u(t) r(s) cosa ) (2.1) 

When a = ~ / 2, we obtain a right SHGC (RSHGC). When r(s) is linear, we ob- 
tain an LSHGC. Curves of constant t are called meridians and curves of constant s 
are called cross-sections (also parallels). 

v //.~ cross-sections 

.... &~7 meridians 

--- - 

s ( a l i g n ~ i t h  SHGC axis) 

Figure 2.1 SHGC representation and terminology 

Definition 2: Two planar unit speed curves Cl(Wl) and C2(w2) are said to beparallel 
symmetric [21] if there exists a continuous and monotonically increasing function f, 
such that  Tl(Wt) = T2(w2) and w 2 = f(wl). Where ~(w i) is the unit tangent vector of 
Ci(wi). That is corresponding points have parallel tangent vectors. 
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The correspondence is said to be linear iffis linear. In this case the two curves 
are similar up to scale and translation. See Fig. 2.2 for an example and terminology. 

T~ ~s~ lines of parallel symmetry 
.~/~ (also lines of correspondence) 

axis of symraetry C ~ ( ~ . / C 2  
(locus of mid-points .... "~.:--]~ 
of lines of symmetry) ~ 12 

Figure 2.2 Example of parallel symmetry 

Now we state the invariant properties of SHGCs. We start by those that have 
been derived in previous work [14,20,21] then give the new properties. See Fig. 2.3. 

Property PI: Cross-section curves of an SHGC are mutually parallel symmetric 

with a linear correspondence. This property holds in 3-D and in the 2-D projection. 
The proof can be found in theorem 4 and its corollary in [21]. 

Property P2: Contour generators (limbs) of an LSHGC are straight (they are me- 
ridians). This property holds also for the 2-D projection of limbs which are projec- 
tions of those meridians. Therefore, in 2-D, the tangent line and any correspondence 
line at each limb point are colinear. 

The proof can be found in Sect. 4 of [20]. 

Property I~: In 3-D, tangents to the surface in the direction of the meridians at 
points on the same cross-section, when not parallel, intersect at a common point on 
the axis of the SHGC [20]. In 2-D, tangents to the projections of limbs intersect on 
the projection of the axis at a common point [14,21]. 

The properties we add are given below. They have been mentioned, without 
proofs, in an overview of this work in [13]. Their proofs can be found in [25]. Equiv- 
alent properties have been independently derived by [19]. 

Property P4: We give this property in the form of a theorem and its corollary. 
Theorem P4: Lines ofcorrespondenee between any pair of cross-section curves are 
either parallel to the axis or intersect on the axis at the same point. 
Corollary P4: In 2-D, lines ofparallel symmetry between any pair of projected cross- 
sections are either parallel to the projection of the axis or intersect on it at a common 
point, regardless of the viewing direction. 
Property P5: Let Cz(u) and C2(v) be two unit speed parallel symmetric curves with 
a linear correspondence f(u) = au + b. Then for all u and u' the vectors V I = Cl(u') - 
C l (u )  and Y 2 -- C2(au" + b) - C 2 (au + b) are parallel and I V  2 [ / I V  11 -- a (i.e. the ratio 
of their lengths is constant and equal to the scaling of the correspondence). 

The use of these properties and the method are discussed in the next sections. 

3 The Segmentat ion  Method 

The method is structured in three feature levels: the curve level, the parallel 
symmetry level and the SHGC patch level. For lack of space, we will not discuss the 
curve level and briefly discuss the parallel symmetry level in Sect. 3.1 (see [25] for a 
detailed account of both). We will discuss the SHGC patch level in Sect. 3.2. 
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SHGC axis . . . .  ~ i Tangents at 
~ -  corresponding points 

, Property P3. 

1 segments. .Parallel Symmetric 
PropertyPS. ~ , ~ i : ~ - : : : : ~  iiCress-sections. 

Lines of Parallel , \~i~.,.~, . _ ;  
~_~-=... �9 : ~ :. 

Symmetry. ~~~-, i : 
Property P4. ~--~- 

Figure 2.3 Invarisnt properties of SHGCs 

3.1 H y p o t h e s i z i n g  C r o s s - S e c t i o n s  (Para l l e l  S y m m e t r y  Leve l )  

Finding the cross-sections of an SHGC in an image allows to locate the rest of 
the object. We assume that such cross-sections are (at least partially) visible in the 
image. From Property P1, those cross-sections produce linear parallel symmetries in 
the image. The method to detect cross-sections consists of a hypothesize-verify pro- 
cess consisting of the detection of local parallel symmetry correspondences (using a 
quadratic B-spline representation of the boundaries [18]), grouping of compatible 
symmetries (thus forming global symmetries and boundaries), linearity verification 
of symmetries and completion of gaps (filling in missing boundaries using symme- 
try). The constraints used in those steps are derived from property P5. 

Figure 3.1.a gives an example. The initial parallel symmetry correspondences 
are labeledps 1 andps 2. The grouping constraint betweenpstandps2 is that the con- 
necting segments r and s be parallel since this should be the case for an SHGC cross- 
section (property P5) (Fig. 3.1.b). Similarly, the (extremal) segments S and R should 
also be parallel. Furthermore, the length ratios Ir[ / Is[ should be equal to [R[ / 
[ S ! (up to some fixed threshold) (also property P5). In this case, the correspondences 
are linear and the gap can be completed by scaling and translating its counterpart 
on the symmetric curve (Fig. 3.1.c). In using the previous constraints the symmetries 
of Fig. 3.1.d and e are ruled out, since in case (d), the connecting segments are not 
parallel and in case (e) the scalings (length ratios) are not similar. Examples of re- 
sults in this level are given in Fig. 3.2. 

• •  ~ inferred boundary rejected cases S . . '~ !  

a. b. c. d. e. 

Figure 3.1 Constraints on linear parallel symmetry grouping 

3.2 D e t e c t i n g  SHGC D e s c r i p t i o n s  (SHGC P a t c h  Leve l )  

The detection of SHGCs consists of detecting local surface patches likely to 
correspond to portions of SHGCs, grouping together those likely to belong to the 
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k 

Figure 3.2 

\ .  y /  

Results of the parallel symmetry level on some examples., a. input Boundaries. 
h- detected and completed cross-sections using linear parallel symmetry. 

same object and verifying each object hypothesis for consistency, all using the invari- 
ant properties of SHGCs. Before describing those steps, we give the definition below. 

D e A n | r  3: A local SHGCpatch is given by a hypothesized closed cross-section 
and a pair of corresponding curves satisfying the projective properties P2 or P4; i.e. 
they are either straight (for a local LSHGC) or have the property that lines of sym- 
metry between any pair of projected cross-sections intersect on a straight line (pro- 
jection of the axis). Figure 3.3 shows sample local SHGC patches�9 

apex ___~__ o 
direction point oT "~ axis prcjectzon 

projection projection ( ~  

a. b .  c. 

Figure 3.3 patch. Sample loc~ SHGC patches, a. cylindrical patch, b. coniq 
c. non-linear patch 

8~2.1 D e t e c t i o n  o f  L o c a l  S H G C  P a t c h e s  

This step consists of searching local SHGC patches for each hypothesized 
cross-section. For this, correspondences between each pair of curves are detected (if 
any). The correspondence finding method consists of ruling the area between two 
curves by finding the scale of the hypothesized cross-section which makes the cross- 
sections tangential to the limbs [21]. This yields a set of recovered cross-sections 
(Fig. 3.4). A pair of curves that  admit such correspondences is hypothesized to form 
a local SHGC patch if: 

�9 both are straight, in which case if they are parallel they form a cylindricalpatch 
giving the projection of the direction of the axis; Fig. 3.3.a (corollary P4); else 
they form a conicalpatch whose apex is a point of the projection of the axis (Fig. 
3.3.b) (also corollary P4). An LSHGC patch is thus hypothesized (property P2). 

�9 they are not both straight; then between each pair of recovered cross-sections, 
the intersection point of lines of symmetry is determined (Fig. 3.3.c). A local 
SHGC patch is hypothesized if those points lie on a straight line (using fitting 
criteria). This line is a local estimate of the projection of the axis (corollary P4). 
We call this patch a non-linear SHGC patch. 

This process may not result in only the ~right ~ hypotheses (corresponding to 
real scene objects). There are two reasons why this is so. First, the projective invari- 
ants are necessary properties of the projections of SHGCs but no~ sufficient ones to 
firmly conclude their presence in the scene. Second, thresholds are used so as to ac- 
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Figure 3.4 Examples of hypothesized local SHGC patches detected from the contours of Fig 
a. the right hypotheses, b. examples of wrong hypotheses. 

count for errors in projection model, noise, quantization, etc. This inevitably results 
in spurious hypotheses. Figure 3.4 shows some of the local SHGC patches detected 
by our system from the contours of Fig. 1.1. In the figure, the ~right ~ hypotheses are 
shown separately from some of the "wrong ~ ones, although at this stage the system 
cannot differentiate between them. 

39.~2 Grouping of  Local SHGC Patches 

Expressing the compatibility of local SHGC patches belonging to the same ob- 
ject is central to the grouping (segmentation) process. By a simple examination of 
Corollary P4, we can derive a list of viewpoint invariant geometric compatibility con- 
straints between patches of the same SHGC. The compatibility between a pair of 
patches consists of the "similarity ~ of their local axis descriptions. The similarity re- 
lationships, depending on the type of the two patches are given below: 

~ and non-linear: the  axes must  be colinear (up to some error; Fig. 3.5.c 
and d) 

�9 non-linear and conical: the cone apex must  lie on the axis (up to some error; Fig. 
3.5.a} 

�9 non-linear and cylindrical: the direction of the cylinder must  be parallel to the 
axis 

�9 conical and conical: the limbs must  be colinear (same apex as in Fig. 3.5.b) oth- 
erwise a line is generated between the apexes 2 

�9 cylindrical and cylindrical: the limbs must  be colinear (for the same LSHGC) 
otherwise the directions must  be parallel 

~ and cylindrical: a line from the apex in the direction of the cylinder is 
generated 

In case, more than one grouping hypothesis at a given patch end is found, the 
closest one is selected. Conflicts are rare due to the strong nature of the constraints. 

3~2.3 Verification of  SHGC Hypotheses 

In recognition methods, object hypotheses are verified by finding a transfor- 
mation from model to image features. In generic shape detection, verification should 

2. the line could be the projection the global SHGC axis; it will be later used in the 
verification stage. 
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a. b. c. d. 
Figure 3.5 Examples of geometrically compatible local SHGC patches. 

filter out the "wrong' hypotheses. The verification method we use consists of both a 
geometric test and a structural one. The geometric test consists of verifying that  an 
aggregate of locally compatible patches (a global patch) is also globally compatible 
(the same compatibility rules as the previous ones are used). Since, the surfaces of a 
scene object project onto closed (or occluded) image surfaces, the structural test con- 
sists of verifying object closure using required junction properties at both ends of 
each hypothesized SHGC. Junction measures (based on proximity and angular vari- 
ation) are used in order to account for image imperfections. However, closure may 
not be directly obtained due to occlusion or false negatives in the curve level group- 
ing (see the objects in Fig. 1.1). For this, completing partial descriptions is useful. 
This can also be done using the projective invariants of SHGCs. Our completion 
method consists of two steps: the axis-based cross-section recovery and the limb re- 
construction methods. 

A x i s - B a s e d  C r o s s - S e c t i o n  R e c o v e r y  M e t h o d  
This method consists of recovering cross-sections, at the gaps between patch- 

es of the same SHGC and at its ends, for continuing (unmatched) boundaries. First, 
for each point Pu of a given unmatched boundary, its corresponding point Ru on the 
reference cross-section is found (they have parallel tangents). See Fig. 3.6.a and b. 
The computation of the scale of the cross-section atPu relatively to the reference one 
is as shown in the figure. In Fig. 3.6.a, Pc is the intersection of the line fromPu, par- 
allel to the limb correspondence lineRu-Rc of the reference cross-section, and the oth- 
er straight limb of the LSHGC. In Fig. 3.6.b, Px is the intersection point of the line 
connecting Pu to Ru and the axis projection. Figure 3.7.a shows the cross-sections so 
recovered for the occluded vase of Fig. 3.4.a and the SHGC of Fig. 3.5.c. 

L i m b  R e c o n s t r u c t i o n  M e t h o d  
The lhnb reconstruction method finds a point on each of the recovered cross- 

sections that  is a limb point (in the projection of an SHGC, limbs and internal cross- 
sections are tangential to each other). The method consists of finding the tangential 
envelope of the set of recovered cross-sections (Fig. 3.6.c). This is done by approximat- 
ing the space between two successive cross-sections by an LSHGC. Figure 3.7.b 
shows the limb boundaries so completed for the SHGCs of Fig. 3.7~. 

Selected objects are those which are both geometrically and structurally con- 
sistent (closed). Results of the whole process on the contours of Figs 1.1 and 3.2 are 
given in Fig. 3.8. The figure shows the global (completed) descriptions in terms of 
cross-sections, limbs and axes. Additional results are shown in Fig. 3.9. 
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scale = dist(Px~ Pu) / dist(P~, R u) 

P~-.--- ' ." .]P " X p 
ff~P"'" ~  ll 

"scale = dist(P~, Pc ) /d i s t (R  u, R C) ,~, ,) 
~',,. , , , , , , . , , , .u jJ~ 

a. LSHGC b. non-linear SHGC c. 

Figure 3.6 Axis based cross-section recovery (a, b) and limb reconstruction (c). 

a. b. 
Figure 3.7 Cross-section recovery and limb reconstruction for previous SHGCs. 

Figure 3.8 Results obtained on previous contours. The last example is from the image of Fit 

4 3-D Shape Recovery 

To recover object-centered descriptions, consisting of the 3-D cross-section 
curve, the 3-D axis and the 3-D scaling function, we build on the viewer-centered 
method of Ulupinar and Nevatia [21]. For lack of space, we omit the mathematical 
formulation, which can be found in [25]. Results of the recovery method on the de- 
scriptions of Figs. 3.8 and 3.9 are shown in Fig. 4.1. The figure shows the recovered 
primitives for different 3-D poses. 

5 D i s c u s s i o n  

The method is not limited to special types of cross-sections nor does it assume 
bilaterally symmetric boundaries. The second (from the left) SHGC of Fig. 3.8 is an 
example of non-circular cross-section SHGC, as is the occluded object in Fig. 3.9. The 
method also handles concave cross-sections which produce several self-occluding 
limb boundaries in the image. A merg/ng step is performed on the obtained patches 
which have the same geometric description. Figure 5.1 illustrates this situation us- 
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a. intensity and edge images 

b. detected local SHGC patches e.completed descriptions 
(only the ~right" hypotheses are shown) of the segmented objects 

Figure 3.9 Additional example of results obtained by our method. 

Figure 4.1 Recovered 3-]) descriptions of previous SHGC scenes shown for differen" 
poses, a. from Fig. 3.8. b. from Fig. 3.9. 

ing a synthetic object. The method also handles cross-sections with tangent discon- 
tinuities (see [25] for a more detailed discussion on such cases). 

The method has been applied to several images, about 15, including varia- 
tions of the ones shown in this paper. Robustness of the system to changes in the pa- 
rameters  it uses has been tested by changing their values by 50% of their default 
ones. Those changes have only affected the number of hypotheses (for e.g 95 local 
patches instead of the original 94 in the case of Fig. 1.1). Most importantly, the same 
final results have been obtained. This is due to the strong nature of the constraints. 

Compared to the method of [19], our method is similar in the principle of us- 
ing SHGC properties for their detection. I t  differs, however, in two ways. First, ap- 
plication of the properties in their method is somewhat restricted to surfaces of 
revolution and LSHGCs. Their application of the properties to surface detection, for 
example, may not give accurate results for general SHGCs as limb projections are 
generally not meridian projections. The main difference between their method and 
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a. original boundaries b detected local SHGC patches. 

c. completed descriptions for each patch d. merged descriptions 
Figure 5.1 Illustrative result on a concave cross-section SHGC with multiple 

(merged) hypotheses 

ours, however, lies in handling occlusion and large gaps. The authors note that their 
system does not handle occlusion as boundary connectivity criteria are used for sur- 
face detection. The detect-group-verify nature of our method allows to handle occlu- 
sion and contour breaks and even complete resulting partial descriptions. 

6 C o n c l u s i o n  

This work demonstrates that geometric projective properties of generic 
shapes are a promising tool for recovering 3-D descriptions from a single real image 
that includes noise, broken contours, shadows, markings and occlusion. The type of 
properties we have presented relate computable 2-D descriptions to (the projection 
of) 3-D descriptions of generalized cylinders. An important characteristic of the prop- 
erties is that while they are of a global nature, capturing stable and rich properties 
of higher level features such as surfaces, they can be locally applied to visible parts 
of those features, thus handling image discontinuities such as occlusion. A major 
consequence of using invariant properties of shape is that scene segmentation and 
shape recovery become viewpoint independent processes, a crucial feature of any 
method of generic shape description and recognition. 

The results of the method have several applications including recognition. 
Since the shape information is reduced to the cross-section curve, the axis and the 
scaling function, each of these entities can be used to derive indexing keys, possibly 
based on qualitative measures, to a data base of object models so represented. 

The method we have described has its limitations, however. Since it is based 
on hypothesizing presence of SHGCs using evidence from the invariant properties, 
it fails when such properties are not observed in the image. For example, cross-sec- 
tions may not be visible in the case of compound objects due to joints between parts. 
Such difficulties are currently being studied. 

In another effort [23,24], we have addressed a class of curved axis primitives 
(circular PRGCs) and derived geometric quasi-invariant properties and showed their 
usage to recover 3-D shape from monocular contours. This work and the one in 
[23,24] constitute the basis of a more general method, currently in development, for 
handling compound objects made up of both straight and curved axis primitives. 
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