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Abstract

Description and recognition of objects is the central

considerations of research on computer vision. The

key issue is how to represent 3-D objects on a machine

for recognizing them. Researchers of computer vision

commonly employ the EGI model, but it is not able

to express concave objects. In this paper, the MEGI

model and coe�cient of extended spherical correlation

have been proposed. The MEGI model is an extended

EGI modeling which is able to represent concave ob-

jects. Extended spherical correlation is the measure

for recognizing objects using the MEGI model. It has

been demonstrated that this model is able to recognize

3-D objects, including concave ones, and to distinguish

objects using a part of MEGI from range data.

1 Introduction

In order to recognize an object and to determine its

attitude in space, it is necessary to have a method to

represent the shape of the object. The extended Gaus-

sian image description model (EGI) makes it easy to

determine the attitude of a moving object in space [1].

It is independent of the position of the object (shift

invariant). EGI provides a unique description for a

convex object, though precise information is limited.

That is, no two convex objects have the same EGI. In

this paper, we propose a new 3-D object description

called MEGI (more extended Gaussian image), which

has the capability to distinguish not only convex ob-

jects, but also concave objects. This description model

is a shift-invariant model which consists of a set of po-

sition vectors of surfaces originating from the center

of a 3-D object and normal vectors of the surfaces.

We also propose a matching scale function called ex-

tended spherical correlation, which is rotational and

scale invariant, together with a calculation algorithm

for this scale function.

2 More extended Gaussian image

(MEGI) model

Horn and Smith[1] have proposed the extended

Gaussian image model as a description model for rep-

resenting and analyzing 3-D objects. However, this

representation does not include information on con-

nections of each surface, and therefore it cannot rep-

resent concave objects, which commonly exist in the

usual 3-D object recognition.

The problems described above are caused by infor-

mation loss for surface position. To solve these prob-

lems we proposed a new 3-D shape description method

called more extended Gaussian image (MEGI), which

includes information on surface positions, so it can de-

scribe not only convex but also concave objects.

The MEGI model consists of a set of position vec-

tors Xi for surfaces originating from an object center

and their normal vectors pi. Each length of a normal

vector also corresponds with surface area, as in the

extended Gaussian image. This model is also shift-

invariant since it is expressed by an object-oriented

coordinate.
Let M be a vector set which describes vectors of

the MEGI element as follows:

M = f(Xi;pi)ji 2 f0; 1; � � � ; m� 1gg (1)

Xi;pi 2 R
3
:

m indicates number of MEGI elements.

3 Extended Spherical Correlation

3.1 Formulation of spherical correlation

Let X and Y be sets of n-dimensional unit vectors

and let the elements be X = fX0;X1; . . . ;Xm�1g ,

Y = fY0;Y1; . . . ; Ym�1g (kXik = kYik = 1).



Fisher and Lee[2] proposed the spherical correlation
coe�cients which are de�ned as follows:
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3.2 De�nition of the extended spherical
correlation

We propose a new coe�cient for recognizing 3-D

objects with the MEGI model, which is an extension

of the spherical correlation coe�cients proposed by

Fisher and Lee. The de�nition is as follows.
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where pi and qi are the normal vectors for object A

and object B which calculate the correlations, dq de-

notes the number of vectors q, �;� and 
 are constant

values, \ 0 \ in the equations denotes the transpose of

the matrix, and d(i) denotes the set of the vector num-

ber of p which corresponds to qi.

Equation (4) is a function having a range (0 �

m1 � 1) which is derived from the spherical corre-

lation coe�cients by Fisher and Lee. Equation (5)

describes the di�erence in volume between the two

objects. �, � and 
 are the constant values whose pa-

rameters control the behavior of the coe�cient. The

parameter � sets the in
uence of the original spherical

correlation, the parameter � controls the in
uence of

the di�erence between surface areas, and the param-

eter 
 controls the in
uence of the volume di�erence

between objects for the extended spherical correlation.

The value calculated by equation (4) is rotational

invariant since Fisher's spherical correlation coe�-

cients are rotational invariant. m2 derived from equa-

tion (5) is a scalar value. Therefore the extended

spherical correlation de�ned by equation (3) is also

rotational invariant. Hence using the MEGI model

proposed in 2 and the extended spherical correction,

we can estimate the matching score which is shift and

rotational invariant.

4 Matching Algorithm Using MEGI

4.1 Correspondence determination func-
tion

Finding a matching pair of objects is done by �nd-
ing the maximum EC de�ned by equation (3) between
objects. In order to calculate the EC which was de-
�ned in 3.2, the correspondence of eachMEGI element
(a set of position vectors and normal vectors) must be
known. But this correspondence is unknown for gen-
eral 3-D objects. Therefore a correspondence proce-
dure for MEGI elements of two objects must be per-
formed in some way. We propose the correspondence
determination function (CF) in equations (7) - (10)
for determining the correspondence between MEGI el-
ements of two objects.

CF = n1
a � n2

b � n3
c
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where Xi is the position vector after a projective

transformation is performed, Yj is the position vec-

tor of the object B, pi and qj are the normal vectors

which correspond to Xi and Yj , respectively. The al-

gorithm for projective transformation is described in

4.3. a, b and c are constants.

In determining the correspondence of the MEGI el-

ements, a standard surface should be selected. Then

each position vector of the other surface is expressed

as a relative vector from the center of the selected

standard surface. Hence the correspondence deter-

mination function is not in
uenced by movement of

the center of the object. Performing these projective

transformations on the set of MEGI elements of object

A, it is possible to obtain a 
exible matching against

rotation, magni�cation and reduction and distortion

of the object shape.

Equations (8) and (9) are similarity factors of direc-

tion and magnitude derived from each corresponding

position vector selected from two objects, respectively.

Equation (10) is a similarity factor of direction derived

from the normal vector corresponding to the position



vector of equations (8) and (9). a; b and c are constant

values which control the sensitivity of the di�erence

between the direction of position vectors, magnitude

of position vectors, and the direction of the normal

vectors for the correspondence determination function

(CF).

In the corresponding procedure, object A is used as

a standard object. Therefore, if the number of MEGI

elements of object A is greater than the number of

MEGI elements of object B, more than two elements

of object B correspond to one MEGI elements of object

A. On the other hand, if the number of MEGI elements

of object A is less than the number of MEGI elements

of object B, some element of object B which cannot

correspond to MEGI elements of object A exists. Us-

ing these corresponding methods, partial matching,

such as where object A is a part of object B, can be

performed.

4.2 In the case where the spherical corre-
lation cannot be de�ned

The conditions of calculating m1 which are ex-
pressed as equation (3) are the following. First, the
number of MEGI elements is greater than four. Sec-
ond, at least one set of position vectors within all
the combinations for selecting three vectors from the
MEGI element of the object is independent; in other
words, there are at least three position vector sets
which have di�erent directions. This condition is sat-
is�ed easily for general 3-D objects, but it cannot be
satis�ed for data which consists of a range data ob-
served from one side of the object. In this case, m0

1
,

which is de�ned as follows,
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is used instead of m1 in equation (4). It represents

the di�erence of each corresponding angle between two

normal vectors which are selected from normal vector

sets of object A and object B, respectively. The range

of m0

1
in this equation is �1 � m0

1
� 1, and m0

1
is

rotational-invariant, as in equation (4).

4.3 Matching Algorithm

The matching process for each MEGI elements is

performed using the following algorithm. Case 2 is the

special stage when the spherical correlation cannot be

de�ned.

Case 1

Step 1 If one of two objects has less than three MEGI

elements, go to Case 2

Step 2 A standard surface is selected from object A

as that with the largest surface area. Next, the

most orthogonal three vectors which are trans-

lated to relative vectors originating from the cen-

ter of the standard surface are selected, which

vector set we call \the basis of object A." If no

independent vector set can be obtained for any

surface, then go to Case 2.

Step 3 The standard surface and some sets of sur-

faces which have position vectors similar to the

basis of object A are selected from object B. We

call these selected vector sets \ the basis of ob-

ject B." If an independent basis set cannot be

obtained, then go to Case 2.

Step 4 Projective transformation is performed for

each MEGI element of object A, using the basis

of object B.

Step 5 The element of object B which takes the

largest value of correspondence determination

function corresponds to the element of object A

after projective transformation.

Step 6 The extended spherical correlation is calcu-

lated (the standard surface selected at Step 3 de-

notes vector number 0 in equation (6). If all nor-

mal vectors take the same direction, m0

1
de�ned

by equation (11) is used instead of m1 in equation

(4).

Step 7 The extended spherical correlation for all sets

of standard surfaces and the basis selected at Step

3 are calculated. The largest value of the calcu-

lated extended spherical correlation is de�ned as

the correlation between two objects.

Case 2

Step 1 All possible corresponding sets are calculated

between MEGI elements of two objects.

Step 2 The extended spherical correlation for all sets

is calculated using m0

1
in equation (11) instead of

m1 de�ned by equation (4).

Step 3 The extended spherical correlation for all sets

selected at Step 1, is calculated. The largest value

of the extended spherical correlation is de�ned as

the correlation between two objects.



Table 1: The matching result with real range data

MEGI data from real range data

object a object b object c object d object e

MEGI object a 0.92(1) 0.37(3) 0.65(5) 0.17(5) 0.20(5)

data object b 0.85(3) 0.86(1) 0.66(4) 0.36(2) 0.39(4)

from object c 0.86(2) 0.23(4) 0.88(1) 0.18(4) 0.50(2)

CAD object d 0.83(4) 0.49(2) 0.71(3) 0.85(1) 0.43(3)

model object e 0.72(5) 0.23(4) 0.73(2) 0.23(3) 0.80(1)

5 Experimental Results

This matching algorithm using the MEGI model

has been implemented, and we show a example of 3-

D object recognition using real range data. In the

experiments, coe�cients a , b and c in equation (7)

are set at 1.0. Sixty-four bases of objects described at

Step 3 in 4.3 are selected. The experiments involving

real range data[3] of �ve objects were measured. The

�ve acquired range data shown in Figure 1. has much

occluded surface. And we also constructed �ve 3-D

shape models (CAD model) respectively.

Table 1 shows the matching correlation using the

extended spherical correlation between acquired range

data taken from one side of an object and constructed

it's 3-D models. From this experimental result, it is

possible to recognize the object from the range data

using the extended spherical correlation calculated

from MEGI, even if there are some occluded surface

in the measured range data.

(b) (c)(a)

(d) (e)

Figure 1: Real range data

6 Conclusions

A description method for recognizing 3-D objects

including convex and concave shapes has been devel-

oped. This description is an extended description from

extended Gaussian image. A recognition method us-

ing the extended spherical correlation is also developed

in this paper. Furthermore, a matching algorithm for

MEGI and an extended spherical correlation are also

proposed.

MEGI is a model which has position information for

each surface in addition to normal vector information

on the object. Adding this extension, it becomes pos-

sible to recognize a 3-D object including convex and

concave shapes which is impossible to recognize using

EGI. Presently, experiments using complex shapes ob-

tained from real range sensors with noise being con-

ducted by our group.
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