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Abstract
A scheme for learning and recognizing 3D objects from their 2D views is presented. The scheme
proceeds in two stages. In the first stage, we try to learn a model automatically from 2D training
images ‘of different objects which have similar shape of components and similar adjacency relation
‘between the components. In the second stage, the generated model is used to recognize the learned
object. We use partial planar curve matching method to implement our scheme. We tested the
approach on recognizing objects from an image of a complex real scene and we got satisfactory results.

1 Introduction

Leammg and recogmzmg 3D ob_)ects is a com-
plex subject in computer vision. A large variety
of methods have been proposed for the task of vi-
sual object learning and recognizing. Among these
methods, three main classes can be distinguished,
as summanzed by Ullman(!l:

Invariant properties and feature spaces The
approach to objects recognition has been to as-
suine that objects have certain invariant prop-
erties that are common to all of their views.

Parts and structural descriptions. This
approach relies on the decomposition of objects
into constituent parts and the capturing of the

invariant properties Whlch are telatlons among
parts.

Alignment approach The basic idea of this ap-
proach is to compensate for the transforma-
tions separating the viewed object and the cor-
responding stored model, and.then compare
them.

Our approach lies in parts and structural descrip-
tion approach. This approach assumes that each
object can be decomposed into a small set of generic
components. There are several reasons for us to go
along with this approach. Firstly, since we try to
generate a model automatically from training ex-
amples of several kinds of objects, to find invari-
ant properties is difficult. Secondly, since we deal



with non-rigid objects, we can not use alignment
approach either.

We try to develop a system which can learn a
model of similar objects from 2D training images
automatically, and then use the model to recognize
the learned object or some objects similar to the
learned ones from a complex scene. In our sys-
tem, we just handle those objects such that they
can be decomposed into parts and relations among
the parts are easily extracted and easily described.
Chairs have been chosen here as objects for pro-
cessing.

The outline of the system is shown in Figure 1.

As shown in Figure 1, inputs of the system in the

learning stage are gray level images of chairs. These
images are then fed to a preprocessing procedure
which consists of segmenting images and putting
the results of segmentation into order. Then all
2D images of a 3D object pre divided into several
clusters. Thus only several 2D clusters are used to
‘describe the object instead of using all images. In
the next step, the clusters of different objects are
matched each other and a common model (proto-
type) representing different objects is constructed.
This model is used to recognize the objects from an
image of a real complex scene.

The rest of this paper is arranged as follows. In
section 2, we will describe preprocessing procedure.
In section 3 we describe how to divide input images
into clusters. We will introduce model construction
in section 4 and recognition approach in section 5.
Finally, we show some results of experiments.

2 Preprocessing

Preprocessing includes segmentation!? and putting
results of segmentation into order. In Figures 2(a)
and 2(b), two segmentation results of an object ob-
served from two directions are shown. From these
figures, we can explain why we do not use the re-
sults of segmentation directly.

Because of the lighting condition and colors of
the object itself, we get different segmentation re-
sult. The ”difference” means that after matching
two results of segmentation, a pair of matched re-
gions may have very different appearance features
and the change of appearance features is not due
to change of observing directions. For example, the
region A in Figure 2(a) matches region A’ in Figure
2(b). But they have very different shapes, because
regions A’ includes parts of the pillar and the leg.
For constructing a model from these images, we
have to “correct” the results of segmentation.

First we use Wang’s method(® to match two re-
sults of segmentation. Two matching results are
generated. One is mapping all regions in the first
image to the ones in the second image and the
other is vise versa. Two operations may be ap-
plied to the results of segmentation based on the re-
sults of matching: Splitling and Merging. Between
a pair of matched regions, splitting means to di-

vide the larger region into several parts and among
generated parts, there is one which is similar to
the smaller region. Merging means to merge some
parts connecting with the smaller region so that
the merged region is similar to the larger one. We
use several rules listed bellow for deciding whether
merging or splitting should be applied. For two
candidate images, S; denotes regions in one image
and S, denotes regions in the other image. Here we
assume that the images depict the object observed
in two near directions.

Rule 1 The splitting operation is only applied to
“stable” matched regions. “Stable” matched
regions means those regions that matched each
other both in left to right mapping and in right
to left mapping.

Rule 2 If features of two matched regions are ob-
viously different, one of them needs to be split.
Here we pay attention to those features such as
convexity, area, length of major axis and minor
axis.

Rule 3 If two regions in one image match the same
region in the other image, then these two re-
gions will be merged if the convexity of merged
region is not less than the convexity of any re-
gion before merged.

Rule 4 If there is a region in one image which does
not match any region in the other image, it
will be merged with one of regions connecting
with it, if the convexity of the merged region
is not less than the convexity of any regions
before merged. Otherwise the region remains
unchanged.

We can notice that convezity plays an impor-
tant role on deciding whether two regions are to
be merged or to be split. For this purpose we use a
convexity measure which takes a continuous value
in [0,1); its definition and the way of calculating
convexity can be found in [4].

The merging operation is easy to be implemented
relatively, so we discuss splitting operation in de-
tail. The method of cutting a predefined shape
from a given region is implemented by using partial
planar curve matching (PPCM) method!®. This
method is a way of detecting common parts in two
2D curves. The reason why we can use it in our
approach is that the shape of two regions observed
from different directions does not change much if
the observing direction does not change much. The
main idea of PPCM method is to use dynamic pro-
gramming technique to detect common parts be-
tween two planar curves from their total-curvature
graphs. For example, there are two regions shown
in Figures 3(a) and 3(b). Their total-curvature
graphs are shown in Figures 3(c) and 3(d). Curve
segment ab in Figure 3(a) matches curve segment
pq in Figure 3(b). See [5] for detail.




The cutting of a region is implemented by us-
ing PPCM method and feature points extraction
method. After finding matched segments in two re-
gions, a transformation of the form shown in Eq.(1),
can be decided uniquely by each matched segment.

cosf  sind x
=s (1)
v —sinf cosf v

where s is the scaling factor and 8 is the rotation
angle. Because there may be several matched seg-
ments between two regions, so the transformation
is not unique. The best transformation for cutting
is chosen as follows. Each transformation is applied
to all points on one region curve and calculate the
difference between two region curves Ry and Ry by
using Eq.(2). The transformation which gives the
least d( Ry, R3) is used for cutting.

d(Ry, Ra) = df(RL, Ry)/s @)

where s is the scaling factor in Eq.(1). R{ denotes
R, after being transformed and df(X,Y) is defined

df(X,Y) E(ﬂl;ldwt(z,y)) 3)
dist(z,y) denotes the distance between points z
and y. Notice that d(R;,R;) # d(Rg,Ry). If
d(Ry, R3) > d(Rz,Ry), then R; will be split and
otherwise R; will be split.
 Then we extract feature points from the region
that is to be split, suppose R, here. The result
of feature points extraction using N-code method!®]
is shown in Figure 4(a). The contour of the re-
gion is divided at each feature point into several
curve segments. Then we calculate the distance
between each curve segment C; and R; by calcu-
lating d(Ci, R1). The segment whose distance to
R, is obviously large will be split from R;. The
result of splitting is shown in Figure 4(b).

The corrected segmentation results are shown in
Figures 2(c) and 2(d). We use corrected segmenta-
tion results for further processing.

3 Clustering

In our system, a 3D object is described by its
2D views. We noticed that the shape of parts of
an object and the relation between these parts do
not change much if the object is observed from two

_near directions, so we can divide all 2D images into
several groups. In each group, we generate a cluster
and save it in memory for recognizing. The clus-
tering is implemented by considering both shape
change of parts and adjacency relations change be-
tween parts.

For each part of the object, we can define mea-
surement of shape change between two views. Let
P; and P; be one part observed from two near di-
rections and define their difference as

dif f(Py, P) = df (P}, Pa)/s + df (P2, P)  (4)

df(X,Y) is defined in Eq.(3).

The measurement of change of adjacency rela-
tions is defined similarly to the relational distancel”]
between two views Vi and V5. Let L; =
{r1,...,rm}and Ly = {l1,...,1,} be the relational
descriptions among the parts in V) and V;, respec-
tively. Here only “connecting” relation is consid-
ered at the current stage. The relational distance
between V] and V; is defined as follows.

= Z:’;I ¥(r;o f, L)
+ Z?:l w(li ° f-lyLl)

rd(V1,Vz)
(6)

where f is the mapping function from V; to V2 and
J~1is vise versa. In practice, r; o f means mapping
tworegions which included in relation r; in Vj to the
regions in Va. ¥(r;, L;) equals to 0 if relation r; is
also true after being mapped in relation description
Lj, equals to 1 otherwise. Thus ¥(r; o f,Ly) is
equal to 0 if two regions included in relation r; still
connecting each other after being mapped from V;
to Vz. .

After defining the measurement of changes of
shape and adjacency relation, we can make clus-
ters from 2D images of an object. Here we suppose
2D views of an object is arranged in order of view-
ing direction. Firstly, if rd(V,, V;) is larger than
a predefined threshold, then the views from V;, to
V,, will be grouped into a cluster. Secondly, if the
next equation is satisfied, the views from V}, to V,
will be grouped into a cluster.

N
Z Y(d(Rm i, Rni)) X wi > a (6)

where N is the number of matched parts in two
views, a is a predefined threshold, R, ; denotes
region ¢ in Vi, and w; is the weight for region
i. T(d(Dpm i, D)) is equal to 1 if d(Dpm i, Dn ;)
is larger than a threshold. At the moment, the
weights for all regions are set equal.

An example of obtained groups are shown in Fig-
ure 5.

After clustering, let C be a cluster generated
from view V,, to view V,, and let P; be a compo-
nent of it. We use PPCM method again to generate
the shape of P; in C. First the component in one
view is transformed according to (1), here we sup-
pose P; in V,, is transformed to V,. Let Cury,
and Cur,, denote the total curvature of P; in Vi,
after being transformed and Vj,, respectively. The
total-curvature of the component in the cluster is
calculated simply by Eq.(7).

Cury + Cury,
__"_.2_____ (7)

Curc =

Then according to Curg, the shape of component

" P, in the cluster can be generated. See Figure 6 for

an illustration.



4 Model generation

Till now, one 3D object is described by several 2D
clusters. These clusters can be regarded as a model
of the object. We want to extend the model by
combining clusters generated from similar objects
so that the new model can be used not only to
recognize one kind of object, but also to recognize
various similar objects. This part of work can be
regarded as an extension of R. Basri’s work(®!, but
we deal with more complex cases than he did.

The model generation is also implemented by us-
ing PPCM method. After 2D views of each ob-
ject having been grouped into several clusters, each
cluster is described by a hierarchical graph struc-
ture. If there is an edge between nodes n; and n;, it
means two regions stored in the nodes are connect-
ing. A common model is generated by matching
among these hierarchical graphs of each kind of ob-
Jects.

Suppose C; and Cj denote graphs of two clusters
of different objects. Firstly, we start to find the
most similar part in Cj for a component F; stored
in C; by using Eq.(2). The condition of judging
whether two nodes are matched well is done not
only by examining Eq.(2), but also examining the
features of two regions stored in the nodes. We
pay special attention to these features such as con-
vexity, length of major axis and minor axis. then
we construct adjacency relations. For a pair of
matched regions, a new region is generated by using
Eq.(7). The adjacency relations between two pairs
of matched nodes are stored into model graph by
using or relation, if there are unmatched nodes be-
tween them. See Figure 7 for an illustration.

After a mode] being generated based on two ob-
jects, it can be used to match with other kinds of
object. Figure 8 shows a few views of three sim-
ilar objects, which are used to generate a model.
“The result of model generation is illustrated in Fig-
ure 9. Only those components and adjacency rela-
tions which exist in most of objects are stored in
the model. ‘

5 Recognition

In this section we describe recognition procedure.
The recognition works in two stages. In the first
stage, every component stored in the model is iden-
tified and in the second stage the entire object
is then recognized in terms of distinctive relations
among the already identified components.

The input is a gray level image and it is seg-
mented first. Then a component can be identified
from the result of segmentation of input image, de-
noted R, by using PPCM method. Among all re-
gions in R, we chose several potential candidates
P;j in R which minimize d(C;, P;), where d(X,Y)
is defined in Eq.(3) and C; is the component in the
model that we want to detect. After all components
stored in the model have been detected, those re-

gions that the relations between them are similar
to the relations between components in model is
regarded as a result of recognition. How similar
are the relations of detected regions to the relations
of components in model can be measured by using
Eq.(5).

Figure 10 shows the segmentation result of an
input image. Figure 11 shows three regions in the
image which are most similar to a region stored in
the top node of the model. Figure 12 shows result
of detecting another component in the middle node
of the model. Figure 13 shows the final result.
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Figure 2: (a) and (b) show the segmentation results; (c) and (d) show the segmentation result after "correction"
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Figure 3: Two regions and their total-curvature graphs. In the graphs, ab matches pg
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Figure 4: (a) shows result of feature points detecting by using N-code method;
(b) shows result of the region being cut.
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Figure 5: Result of clustering of several views of a chair.
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Figure 6: Generate a cluster component from two sample parts.




Figure 9: The model generated from the objects shown in Figure 8.



Figure 10; Segmentation result of an input image.
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" Figure 12: Result of finding anofher component in the model

Figure 11: Result of finding one component in the model
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Figure 13: Final result of recognition: a chair is detected.




