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Abstract 

Bhandarkar, S.M., Shankar, R.V. and Suk, M., Exploiting parallelism in 3-D object recognition using the Connection 
Machine, Robotics and Autonomous Systems, 8 (1991) 291-309. 

This paper addresses the problem of parallelism in 3-D object recognition and localization using a fine-grained SIMD 
architecture such as the Connection Machine TM. The input images are range images of partially occluding three-dimen- 

sional objects. The objects are made up of piecewise compositions of curved surfaces. The surfaces of interest are 

cylindrical, conical and spherical surfaces since they cover a large portion of objects encountered in an industrial 
environment. Qualitative classification of surfaces based on the signs of the Mean and Gaussian curvature is used to come 

up with dihedral feature junctions. Dihedral feature junctions are shown to be robust to occlusion and offer a viewpoint 

independent scheme for modeling the object models and are well suited for matching and pose determination. Hough 
clustering is chosen as the constraint propagation mechanism on account of the ease of parallelization. Issues regarding 
parallelism on the Connection Machine TM for every stage of the recognition and localization process such as segmentation, 
feature extraction matching and pose determination are discussed. Experimental results on the Connection Machine TM 

bring out the advantages of exploiting parallelism for 3-D object recognition and localization on a fine-grained SIMD 
architecture. 

Keywords: Model-based vision; 3-D object recognition; Hough clustering; Range image processing; Range image segmenta- 
tion; Parallel processing. 

I. Introduction 

Representation and control strategy are two 
important issues that 3-D object recognition sys- 
tems deal with. The issue of representation deals 
with (a) the choice of features with which to 
represent image data and the object models, and 
(b) the choice of appropriate representation of 
constraints which arise out of matching scene 
features with model features. The issue of control 
strategy deals with the choice of appropriate con- 
straint propagation/constraint satisfaction tech- 

nique such that a consistent interpretation for the 
scene can be obtained. Most existing 3-D object 
recognition systems can be classified based on the 
choices made for representation and control 
strategy [1]. 

Recognition-via-localization is a commonly used 
paradigm is 3-D object recognition. The image 
features used are primitive and matching takes 
place early in the recognition and localization 
process. Geometric constraints arising out of 
matching of local geometric features are propa- 
gated using a constraint propagation/constraint 
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satisfaction technique. A consistent set of con- 

straints represents a valid scene interpretation. In 
this sense a scene interpretation problem can be 

thought of as a constraint propagat ion/constraint  

satisfaction problem. 

The two commonly used techniques for con- 
straint propagat ion/constraint  satisfaction in the 

recognition via localization paradigm are: (i) 
Searching through an Interpretation Tree and (ii) 

Hough (Pose) Clustering. 

(i) The Interpretation Tree (I.T.) approach 

matches a scene feature with a model feature 
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at every stage in the recognition/localization 
process. Local geometric constraints such as 

pairwise angle and distance measurements 
are used to discard inconsistent matches. 

Each subset of consistent matches can be 
represented by a path in the I.T. The local 

geometric constraints are used to prune paths 

in the I.T. When a path of sufficient length is 
found, a global transformation is used to de- 

termine and verify the pose of the object. The 

control structure of the algorithm is that of 

hypothesize-and-test with backtracking. 
(ii) The Hough (Pose) Clustering approach 

matches each scene feature to each possible 

model feature. The match is constrained by 

local geometric constraints based on angle 

and distance measurements. Under the as- 

sumption of rigidity, each match enables one 
to compare a geometric transform which can 

be represented as a point in Hough (parame- 

ter) space. For 3-D objects with six degrees of 
freedom the Hough space is six-dimensional. 

Clustering of points in the Hough space yields 

a globally consistent hypothesis regarding the 

pose of the object. 

Both the Interpretation Tree approach and the 

Pose Clustering approach have been used exten- 
sively in 3-D object recognition. Grimson and 

Lozano-Perez [2] and Faugeras and Herbert  [3] 

have used the Interpretation Tree approach 
whereas Stockman [4], Boyter and Aggarwal [5] 

and Dhome and Kasvand [6] have used the Pose 

Clustering approach in their experiments in 3-D 
object recognition. Most of the work cited in the 

literature deals with the recognition and localiza- 

tion of polyhedral objects or curved objects ap- 

proximated by planar surfaces. Vemuri and Ag- 
garwal's article [15] is one of the few published 

works which deals directly with the problem of 

recognition and localization of curved objects. 

Both the Interpretation Tree approach and 
the Pose Clustering approach are seen to work 
fairly well in single-object scenes. Multiple-object 
scenes with partial occlusion result in a combina- 
torial explosion in the search space of valid scene 
interpretations. Conventional implementations of 

the Interpretation Tree approach and the Pose 
Clustering approach on a serial architecture ex- 
hibit a severe degradation of performance in 
terms of the time taken to come up with a valid 
scene interpretation. Exploring the scope for par- 
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allelism in the recognition and localization pro- 

cess is thus very essential. The Pose Clustering 
approach due to its potential ease of paralleliza- 

tion is therefore a natural candidate for such a 
study. 

A considerable amount of effort in recent times 
has been devoted to the design and development 

of architectures for computer vision problems. 

The architectures vary from fine-grained SIMD 

architectures such as the mesh [22], the pyramid 
[23], the tree [24] the Connection Machine T M  [25] 

and the polymorphic-torus [26] to coarse-grained 
MIMD architectures such as the hypercube [27] 

and the hierarchical bus architecture [28]. Given 

the complexity of vision problems and the ab- 
sense of rigorous benchmarks there is no clear 

consensus is the research community regarding 
the relative merits or demerits of the various 

architectures. 

Fine-grained SIMD architectures such as the 
Connection Machine TM have been found to be 

well suited for many vision problems. Little et al. 

[29] have demonstrated the usefulness of the 
Connection Machine T M  for several early vision 

problems such as edge detection, intermediate 

vision problems such as connected component 
labeling, and determination of the convex hull 

and the Voronoi diagram of a set of planar points 
and high-level vision problems such as the gener- 

alized Hough transform for the recognition and 
localization of 2-D objects. A set of primitive 

parallel operations such as general permutations, 

grid permutations and scan operations on a vec- 

tor model are defined. These primitives are shown 

to be the basic building blocks for implementing 
procedures for low-, intermediate- and high-level 
vision. 

In this paper  we consider a more general prob- 

lem in high-level vision, i.e. that of recognition 
and localization of 3-D objects from range data. 

The input images contain multiple objects with 

objects partially occluding each other. The ob- 
jects that have been considered are those which 

could be expressed as piecewise composition of 

cylindrical, conical and spherical surfaces. This 
restriction is not unreasonable since most objects 
encountered in an industrial environment can be 
modeled thus. The combinatorial complexity of 
the search space of possible scene interpretations 
necessitates parallelism. This paper shows how 
parallelism can be exploited at various stages in 

the recognition and localization of 3-D objects 

from range data. These stages are edge detection, 

segmentation, feature extraction, matching and 

pose determination. Qualitative classification of 

surfaces based on the signs of the Mean and 
Gaussian curvature is used to come up with dihe- 

dral feature junctions as features for matching and 

pose determination. Dihedral feature junctions 

are shown to be fairly robust to occlusion and 

offer a viewpoint independent modeling tech- 

nique for the curved objects under consideration. 
This offers a considerable saving in terms of 

storing the object models as compared to the 
viewpoint dependent  modeling techniques which 

need to store multiple views of a single object 

model. Dihedral feature junctions are quite easy 

to extract and do not require very elaborate seg- 

mentation. Our experimental results on the Con- 
nection Machine T M  bring out the advantages of 

exploiting parallelism in 3-D object recognition. 

2. Representation of curved surfaces 

The desired characteristics for the representa- 
tion of curved surfaces are: (i) viewpoint invari- 

ance so that they can be used for matching, (ii) 

richness of local support which ensures robust- 

ness to occlusion, (iii) ease of extraction so that 
the effort involved in segmentation is minimal 

and (iv) generality of representation so that a 

wide range of surface types can be covered. The 
representation of surfaces in terms of surface 

curvature properties exhibit the above character- 
istics. 

2.1. Invariant surface features 

It is a well-known result from surface differen- 

tial geometry [7] that the surface curvature prop- 

erties such as the Mean curvature (H) ,  Gaussian 
curvature (K),  the maximum principal curvature 

(K 1) and the minimum principal curvature (K 2) 
values are invariant to rigid body motion (i.e. 

rotations and translations) in 3-D Euclidean 
space. Moreover, the unit vectors in the direc- 
tions of the principal curvatures K 1 and /(2 de- 
noted by t 1 and rE, respectively and the unit 
normal n form an orthogonal coordinate system 
at every non-umbilic and non-planar point on the 
surface as shown in Fig. 1. 



294 S.M. Bhandarkar, R.V. Shankar, M. Suk 

t~ = (xtx, tq. tq,)  

t2 = (£2x, £29,/c/z) 

Fig. 1. Curvature properties of a range surface. 

The invariance of these surface curvature 
properties forms the underlying basis of existing 
surface segmentation and feature extraction toch- 
niques. Haralick et al. [9] in their Topographic 
Primal Sketch come up with a description of the 
surfaces in terms of the first and second deriva- 
tives of the intensity surface. Each image pixel is 
uniquely-classified as one of the six qualitative 
surface types: peak, ridge, ravine, saddle, flat and 
hillside. Besl and Jain [8] describe range surfaces 
based on the Mean and Gaussian Curvature com- 
puted at every point in the range image. The 
signs of the Mean and Gaussian curvature (HK 

sign map) are used to classify each range pixel as 
one of eight qualitative surface types: peak, pit, 
ridge, saddle valley, planar, minimal and valley. A 
region growing algorithm is used to segment the 
range image surface into homogenous surface 
patches based on the HK sign map. Hoffman and 
Jain [11] segment the range surface into surface 
patches which are labeled as convex, concave or 
planar. The range image is segmented into sur- 
face patches by a squared error criterion cluster- 
ing algorithm using surface points and associated 
surface normals. Non-parametric statistical tests 
for trend, curvature values and eigenvalue analy- 
sis are used to classify the underlying surface. 
Boundaries between adjacent surface patches are 
classified as crease or non crease edges. Fan et al. 
[12] detect surface discontinuities by determining 
the location and magnitude of the zero crossing 
of the Gaussian curvature and the extrema of the 
principal curvature. This is followed by a surface 
fitting algorithm which takes into account the 
surface discontinuities. Vemuri and Aggarwal [13] 
classify each range image pixel based on the 
principal curvature values into one of five qualita- 
tive surface types: planar, parabolic, elliptic, hy- 
perbolic and umbilic. 

2.2. Extraction of  surface curvature features form 

range images 

Since the digital range images are typically 
noisy, direct approximation of the surface curva- 
tures and the surface normals from the raw range 
data is very unreliable. A more reliable technique 
for surface curvature extraction is by approximat- 
ing the digital range surface by an analytic sur- 
face in a local window using a least-squares sur- 
face fitting technique or a functional optimization 
technique. The equation of the fitted analytic 
surface is used to compute the values of the 
surface curvatures and the surface normals. Typi- 
cal surface fitting techniques include least-square 
surface fitting using bivariate polynomial approxi- 
mations [10] or parametric surface approximation 
techniques such as B-splines [14], tensor products 
of splines under tension [13] or tensor product of 
discrete Chebyshev polynomials [16]. 

In our experiment the digital range surface is 
approximated by using discrete bi-orthogonal 
Chebychev polynomials [16] as basis functions in 
a local N x N (where N is odd) window centered 
about the point of interest. The orthogonality of 
the basis functions enables efficient computation 
of the coefficients of the functional approxima- 
tion. The first four orthogonal polynomials are: 

(DO 1, (~1 = U, ~D 2 = U 2 ]'/'2 (/)3 = u3 /J'4 
/-to P-2 

,,=+M N - 1  
wherejz~= ~ u k , M = -  (2.2.1) 

u=-M 2 

A discrete bi-orthogonal basis is created from the 

¢~i' S 

qbi,j( u, v) = 4>i( u)qbj( v).  (2.2.2) 

The surface function estimate that minimizes the 
sum of squared surface fitting error within the 
window is given by: 

3 

/ ( U ,  U) = E a i , j d P i ( u ) & j ( u ) ,  ( 2 . 2 . 3 )  
i,j=O 

where the coefficients of the functional approxi- 
mation are given by 

(+M,  +M) 

ai,i = E f ( u ,  v )b i (u)b j (v  ). 
(u, v ) = ( - M ,  - M )  

(2.2.4) 
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The bi(u) are the normal ized versions o f  the 

polynomials  4~i(u) [8]. 

The  est imates of  the first and second order  

derivatives o f  the surface are given by: 

/~2 m/£,t a3 ° + l£4 
u = a l 0  - -  - - a 1 2  - -  - - a 3  2 

/~0 /£2 /£0 

]'L2 11'4 /£4 

fv aol -- - - a 2 1  -- - - a 0 3  + - - a 2 3  , 
/£0 /£2 /£0 

fuu = 2a20 - 2/£2 a22, 
/£0 

2/£2a , 
fur = 2ao2--  - -  22 

/£o 

/'£4 /£4 [£24 

u r  = a l l  - -  - - a 3 1  - -  - - a 1 3  ÷ - - a 3 3 .  
/£2 ]'1"2 /£0 

The  est imates of  the partial derivatives are 

used to compute  the coefficients of  the first and 

second fundamenta l  forms of  the surface [7]. 

= = + 2 2 2 
gll 1 + f 2 ,  g22 1 f ; ,  g12 =g21 = f u f ; ,  

where  G = [g" g,2| is the first fundamenta l  form 
[g21 g ~ ]  

of  the surface, 

Lu 
d11 ¢1 + f ~  + f ]  ' d12 =d21 ¢1 +f2  + f f  

fv~ 
d22 ' 

where  D - -  Jan a d i s  the second fundamenta l  [d2~ az21 

form of  the surface.  (2.2.5) 

The  principal curvatures are the roots  of  the 

quadrat ic  equat ion  [7] 

2 
[G IK. - (glldE2 + dllg22 - 2glEd12)K. + I DI 

= 0, n = 1, 2. (2.2.6)  

The  directions of  the principal curvatures are 

given by t .  = (1, A., f .  + A.f~) [7] where  

dl1 - Kngll d21 - -  Kng21 

A n dl  2 _ Kngl2 d22 _ Kng22 , n = 1, 2. 

(2.2.7)  

The  M e a n  curvature  H and the Gaussian curva- 

ture K are given by 

K 1 ÷ K 2 

H = ~ ,  K = K 1 K  2 .  (2.2.8) 

Table 1 
Qualitative surface types 

K H 

- 0 + 

- Saddle ridge Minimal surface Saddle valley 
Type = 4 Type = 6 Type = 8 

0 Ridge surface Planar surface Valley surface 
Type = 3 Type = 2 Type = 7 

+ Peak surface None Pit surface 
Type = 1 Type = 5 

The  feature  extraction algori thm extracts the 

surface curvature  propert ies  at each point  on  the 

range surface. The  output  of  the segmenta t ion 

process is a data  structure which describes each 

point  on  the surface in terms of  its Mean,  Gauss-  

ian and principal curvature  values and the direc- 

tions of  the principal curvatures and the surface 

normals.  

2.3. Quafitative surface descriptions from H - K  signs 

The  signs of  the M e a n  and Gaussian curvature  

are used to come up with eight qualitative surface 

types [8]. These  surface types are tabulated in 

Table 1. The  surface types that  are of  interest to 

us are cylindrical, conical and ellipsoidal surfaces. 

Cylindrical and conical surfaces are character ized 

by zero Gaussian curvature  and non-zero  Mean  

curvature  (types 3 and 7) whereas  ellipsoidal sur- 

faces are character ized by positive Gaussian cur- 

vature  (types 1 and 5). The  ellipsoidal surfaces 

that  are of  special interest are spherical surfaces 

for which H 2 - - K .  The  qualitative surface de- 

scriptions enable us to use localization techniques 

which are specific to that  part icular  surface type. 

Fig. 2. Cylindrical surface. 
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Fig, 3. Conical surface. 

2.4. Cylindrical and conical surfaces 

With reference to Fig. 2 cylindrical surfaces 

are represented by the equation x(O, z ) =  

(x(O), z)  [7]. The equation for the surface nor- 

mals is given by 

X 0 X X z 
n(O, z )  = i x  ° Xx~  I " ( 2 . 4 . 1 )  

For right circular cylindrical surfaces x(O)= 

r cos 0 and y(0) = r sin 0. Hence n(O, z ) =  

(cos 0, sin 0, 0). Mapping the surface normals 

(needle map) onto the Gaussian sphere yields a 

great circle with the orientation of the plane of 

the great circle in the direction of the axis of the 
cylindrical surface. 

Conical surfaces are represented by the equa- 

tion x(O, z)  = (r (z )  cos 0, r(z)  sin 0, z) [7]. For 

right circular conical surfaces, (Fig. 3) r (z )  = R(1 

- z / H ) ,  hence the equation for the surface nor- 
mals is given by 

x o × x  z ( c ° s 0 , s i n 0 , R )  

n(O, z )  
Ix°×Xz[  { I + ( R )  2 

(2.4.2) 

The needle map maps onto a small circle on 

the Gaussian sphere with the orientation of the 

plane of the small circle, the same as the axis of 

the conical surface. The distance of the small 
circle from the origin is given by d = R~ 

V / - ~ + H  z =s in  a. Thus detecting the orienta- 

tion of the axis of the cone or the cylinder boils 

down to estimating the orientation of the plane of 

the great or small circle on the Gaussian sphere 
on which the needle map of the surface is mapped. 

The value of d can be used to distinguish conical 

surfaces from cylindrical surfaces since for cylin- 
drical surfaces d is zero whereas for conical sur- 

faces it is non-zero. 

Z 
n = ( n ~  n, n , )  

Fig. 4. Mapping the needle map on the Gaussian sphere. 
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2.5. Detection of  planes on the Gaussian sphere 

As shown in Fig. 4 the equation of the plane 

on the Gaussian sphere is given by 

d=nx i  cos ~ sin r / + n r i  sin ~ sin r / + n z i  cos 77, 

(2.5.1) 

where n i = (nxi, ny i, nzi) is the input needle map. 
The plane on the Gaussian sphere can be uniquely 

characterized by the triple (d, s c, "q). A Hough 

transform technique is the most obvious way of 
estimating the parameters (d, s ~, r/) from the in- 

put needle map. The parameter  d distinguishes 

cylindrical surfaces from conical surfaces since 

d = 0 for a cylindrical surface whereas for a coni- 
cal surface d is non-zero. The parameters ~: and 

r/give the orientation of the axis of the conical or 

cylindrical surface on the Gaussian sphere. 

3. The use of qualitative features for localization 

of  curved surfaces 

In our earlier experiments on the localization 

of curved surfaces [1] we had used the values of 

the Mean and Gaussian curvatures to match 

points on the scene and the model surface. The 
directions of the principal curvatures and the 
surface normals are used to compute the geomet- 

ric transformation which would place the point 
on the model surface in registration with the 

corresponding point on the scene surface. For 

each match of a point on the model surface with 
a point on the scene surface, the geometric trans- 
formation can be represented by a 6-tuple where 

the 6-tuple represents the six parameters of rigid 

body motion - three translations one along each 

of the coordinate axes and three rotations one 

about each of the coordinate axes. This approach 
though has several drawbacks which could be 
listed as: (i) presence of several spurious hypothe- 

ses in the Hough space due to the presence of 
multiple objects with objects partially occluding 

each other resulting in subsequent loss of accu- 

racy of localization, (ii) inability to detect planar 
and umbilic surfaces, (iii) inability to take into 
account the axes of symmetry of the modeled 
objects. These drawbacks could be alleviated us- 
ing qualitative features. The use of qualitative 
features enables the use of a parameter  space 

specific to a particular surface type. This enables 

one to take into account the axes of symmetry of 

the modeled objects and enables one to localize 

planar and umbilic surface types. It also reduces 
the combinatorial complexity of the search space 
and thereby reduces the number of spurious hy- 

potheses in the Hough space. 
The procedure for using qualitative features in 

the recognition and localization process could be 

described in the following step-wise manner: 
(1) Feature extraction: The analytic surface fitting 

technique described in the previous section was 

used to compute the Mean, Gaussian and princi- 

pal curvature values and the directions of the 

principal curvatures and the surface normals at 
each pixel in the range image. 

(2) Detection of  surface discontinuities: 

(i) Step edges: Step edges were detected and 
localized in order to segregate the various objects 

in the scene. Since the depth discontinuities de- 

note a high value for the surface gradient, the 
square root of the determinant of the first funda- 
mental form matrix was used as a criterion for 

the detection of step edges. 

I I [~=~gl ,gz2-g22  =~/l + f g + f ~  2 . (3.1) 

The range image pixels where the values of V/I G I,  

exceeded a predefined threshold were selected as 
step edge points. 

(ii) Roof edges: The maximum angular differ- 
ence between adjacent surface normals gives the 

roof edge magnitude Mroof at a pixel location in 
the image. 

Mroof(X, Y) 

= m a x ( c o s - l [ n ( x ,  y)  "n (x  + k, y + 1)],  

- 1  _<k, 1 _< +1 ) .  (3.2) 

The range image pixels where the value of Mroof 
exceeds a specific threshold were selected as roof 

edge pixels. 

(3) Pixel classification: Based on the signs of the 
Mean and Gaussian curvature ( H - K  signs) the 

range pixels were classified as belonging to one of 

eight qualitative surface types described in Table 
1. 
(4) Pixel grouping: Pixels were grouped spatially 
into surface patches homogenous in the H - K  
signs using a region-growing algorithm. The 
knowledge of the location of the step and roof 
edges was used to prevent accidental region- 
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/ / / /  

/ 
Fig. 5. Determining the axis point of a cylindrical surface. 

growing over the surface discontinuities. 

(5) Identification and localization of  surface 

patches: Surface patches were localized in 3-D 

space using identification and localization tech- 

niques specific to the qualitative surface type. 

Since the surface types of interest were conical, 

cylindrical and spherical, localization techniques 

specific to these surface types were used in the 

experiment. 

Localization techniques specific to conical, cylin- 

drical and spherical surface types are discussed in 
the following subsections. 

3.1. Localization of  a cylindrical surface 

A cylindrical surface is localized by the orien- 

tation of its axis, the value of its radius and the 

location of its centroid. The orientation of the 
axis is estimated as mentioned in the previous 

section. The radius of the cylinder is obtained by 
averaging the maximum principal curvature value 

K] over the cylindrical surface. The centroid is 

obtained by finding the mean of the axis points. 
With reference to Fig. 5, for each point x on the 

cylindrical surface the corresponding axis point is 
given by: 

(1) 
xa(x  ) = x - n ( x )  - -  . (3.1.1) 

K,( x) 

The centroid is given by: 

1 
x o = ~ E X a ( X )  (3.1.2) 

and the radius is given by: 

1 1 

R = ~ ~] Kl(X) . (3.1.3) 

Thus the cylinder is completely identified and 

localized by the feature vector (C x, cr, cz, ~, ~7, r) 

where (Cx, cr, cz) is the center of the cylinder, 
(~, ~7) is the orientation of the axis and r is the 
radius of the cylinder. 

3.2. Localization of  a conical surface 

A conical surface is localized by the orienta- 

tion of its axis, the value of a and the location of 

the apex of the cone. With reference to Fig. 6 the 

Fig. 6. Determining the apex of the conical surface. 
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location of the apex with respect to a single point 
x on the conical surface is given by: ( 1 )  
xo(x) =x-n(x) Kl(x) c o s  

( 2 ) (3.2.1) 
+ a  Kl(X ) sin 2a ' 

Where n(x )  is the unit surface normal at point x 
on the conical surface, Kl(x) is the maximum 
principal curvature at x and a is the unit vector 
in the direction of the axis of the conical surface. 
The points x a computed for each surface point x 
form a cluster in 3-D space. The actual value of 
the apex is taken to be the center of the cluster of 
X a values. 

1 
• fa = -~ Y'~xa(x) .  (3.2.2) 

Thus the cone is completely specified by the 
feature vector (a x, ay, az, ~:, rt, a) where 
(a x, ay, a z) is the location of the apex, (~, ~7) is 
the orientation of the axis and a is the angle of 
the cone. 

3.3. Localization o f  a spherical surface 

The needle map of a spherical surface is uni- 
formly distributed on the Gaussian sphere. Con- 
sequently, the process of histogramming on the 
Gaussian sphere does not yield the parameters of 
the spherical surface. A conventional technique 
of determining the parameters of the spherical 
surface is by directly using the equation of the 
spherical surface 

( x - a ) 2 + ( y - b ) 2 + ( z - c ) a = r  2. (3.3.1) 

1 \ 
\ 

H(x) 

Fig. 7. Determining the center of the spherical surface. 

Since a spherical surface is localized by the 
location of its center and the value of its radius, 
histogramming in the (a, b, c, r) parameter space 
would localize the spherical surface. 

Alternatively, the spherical surface can be lo- 
calized by clustering in the image domain instead 
of the parameter domain. With reference to Fig. 

7, the location of the center with respect to the 
point x on the spherical surface is given by 

xc( x )  = x -  n(  x ) - ~ ( - ~  . (3.3.2) 

The points x c computed for each point on the 
spherical surface form a cluster in 3-D space. The 
center of this cluster is taken to be the center of 
the spherical surface. 

1 
~¢ = -~ E x c ( x ) .  (3.3.3) 

The value of the radius is given by 

1 1 
R = -~ • H(x-----)" (3.3.4) 

Thus the spherical surfaces are uniquely iden- 
tified and localized by the feature vector 
(Cx, c r, cz, r) where (Cx, cy, c~) is the center of 
the sphere and r is its radius. 

The use of qualitative features in the recogni- 
tion and localization process has the following 
advantages: 
(1) A representation which is most specific for 

the surface type in question can be used for 
recognition. 

(2) The choice of localization parameters can be 
made specific to the representation of that 
particular surface type. 

4. Matching and pose determination 

As discussed earlier, the process of matching 
could be looked upon as a constraint propaga- 
tion/constraint satisfaction problem. In fact the 
problem of 3-D object recognition most often 
involves a tradeoff between the complexity of 
representation and the complexity of constraint 
propagation/constraint satisfaction technique 
used. A higher-order relational description of the 
image data would imply a graph-theoretic con- 
straint propagation technique based on subgraph 
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isomorphism or maximal clique detection whereas 

a description in terms of primitive geometric fea- 

tures implies a constraint propagation technique 

based on Hough clustering or searching through 

an Interpretat ion Tree. A more complex repre- 

sentation reduces the time complexity of the con- 

straint propagat ion/cons t ra in t  satisfaction pro- 

cess and vice versa. 

In our earlier experiments [1] we tried to match 

surfaces by matching each point on the model 

surface with an appropriate point on the scene 

surface. The values of the Mean and Gaussian 

curvature were used to restrict the possible 

matches and the local coordinate system at each 

point formed by the directions of the principal 

curvatures and the direction of the surface nor- 

mal was used to compute the transformation that 

would place the point on the model surface in 

registration with the point on the scene surface. 

Hough clustering in the six-dimensional parame-  

ter space of rigid body motion parameters  was 

used to compute the global pose. The segmenta- 

tion effort in this case was minimal since all that 

was involved was fitting an analytic surface in a 

local window centered around a surface point 

and computing the surface curvature properties 

from the parameters  of the analytic surface. This 

approach apart  from being intensive in memory 

and time also caused a number  of spurious peaks 

in the Hough space especially when dealing with 

a multiple object scene with partial occlusion. 

This made recognition and localization very diffi- 

cult. 

The approach followed in this paper  involves, 

in addition to computation of the curvature val- 

ues at every point, classification of surfaces into 

one of the afore-mentioned qualitative surface 

types based on the signs of the Mean and Gauss- 

ian curvature ( H - K  signs), grouping of surface 

pixels identical in H - K  signs into homogenous 

regions, extraction of recognition and localization 

features characteristic of that particular surface 

type and the formation of dihedral feature junc- 

tions. Although this approach involves a greater  

effort in segmentation, it is far less compared to 

the segmentation effort required to come up with 

a relational description. The fact that most of the 

segmentation techniques in this paper  are either 

based on pixel-level operations in a local window 

or based on histogramming makes the segmenta- a2/, 
C L d . . C 2  

C1 : apex of conical surface 

centroid of cylindrical surface 

centroid of planar surface 

a l  : axis of conical or cylindrical surface 

normal to planar surface 

C2 " apex of conical surface 

centroid of cylindrical surface 

centroid of planar surface 

a2 : axis of conical or cylindrical surface 

normal to the planar surface 

Fig. 8. Type I: Dihedral feature junction pair. 
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C1 ..~C2 
v !  

A 

w 

CI : apex of conical surface 

centroid of cylindrical surface 

centroid of planar surface 

al : axis of conical or cylindrical surface 

normal to planar surface 

C2 : centroid of spherical surface 

Fig. 9. Type II: Dihedral feature junction. 

tion easily amenable to parallelism on the Con- 
nection Machine TM. 

4.1. Dihedral feature junctions 

The recognition and localization features for 

conical, cylindrical and spherical surfaces can be 

used to form what we term as dihedral feature 

junctions. Dihedral  junctions are junctions with a 

single vertex and two incident edges. The use of 

dihedral junctions in the recognition and localiza- 

tion of polyhedral solids has been explored with 

satisfactory results [19]. Dihedral feature junctions 

differ from dihedral junctions in polyhedra in the 

sense that dihedral feature junctions do not cor- 

respond to physical junctions in the scene but are 

junctions formed from the recognition and local- 

ization features for the afore-mentioned surface 

types. Representat ion of the object models in the 

form of dihedral feature junctions in viewpoint 

independent.  This offers a considerable advan- 

tage in terms of memory storage requirements 

$1 $2 

I ~  ds --I 

Mt M 2 

Fig. 10. Matching dihedral feature junction pairs (Type I). 
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over representation techniques which are view- 

point dependent  and need to store several char- 

acteristic views of the objects [18]. 

4.1.1. Dihedral feature junction types 

Two types of dihedral feature junctions are 

encountered in the recognition and localization 

of curved objects made up of piecewise combina- 

tions of conical, cylindrical, spherical and planar 

surfaces. 

Type I: Dihedral Feature Junction Pair which is 

encountered when dealing with pairwise combi- 

nations of conical, cylindrical and planar surfaces. 

A typical dihedral feature junction pair is shown 

in Fig. 8. 

Type II: Dihedral Feature Junction which is en- 

countered when dealing with a spherical surface 

in combination with a conical, cylindrical or pla- 

nar surface. A typical dihedral feature junction is 

shown in Fig. 9. 

A pair of spherical surfaces does not constitute 

a valid dihedral feature junction and is not con- 

sidered for the purpose of matching and pose 

computation. Both, the range image data and the 

model data are represented in terms of Type I 

and Type II dihedral feature junctions. 

4.2. Matching of dihedral feature junctions 

The matching procedure for each of the dihe- 

dral feature junction types is as discussed below: 

Type I: With reference to Fig. 10 the two dihe- 

dral feature junction pairs are said to match if 

they satisfy the following unary and binary con- 

straints. 

Unary constraints: 

Surface type S~ = Surface type M~ 

Surface type S 2 = Surface type M 2 

Angle 0s~ = Angle 0 ml 

Angle 0s2 = Angle Om2 

If  S 1 and MI are cylindrical then 

radius of S 1 = radius of M~ 

If $1 and M~ are conical then 

angle of S~ = angle of M~ 

If S 2 and M 2 are cylindrical then 

radius of S 2 = radius of M 2 

If  S~ and M 2 are conical then 

angle of S 2 = angle of M 2. 

Binary constraints: 

Distance d~ = Distance dm. 

Type II: With reference to Fig. 11, the two dihe- 

dral feature junctions are said to match if they 

satisfy the following unary and binary constraints: 

Unary constraints: 

Surface type S 2 = Surface type M e = spherical 

Radius of S 2 = Radius of M 2 

Surface type S 1 = Surface type M1 

Angle 0sl = Angle Oml 
If  S~ and M 1 are cylindrical then 

radius of S 1 = radius of M~ 

If  $1 and M 1 are conical then 

angle of S~ = angle of M 1. 

Binary constraints: 

Distance d s = Distance dm. 

4.3. Pose determination 

The technique for pose determination for di- 

hedral feature junction of Type I is discussed 

first. The pose determination technique for the 

dihedral feature junction of Type I is shown to be 

an extension of the pose determination technique 

for the dihedral feature junction of Type II. 

$1 
ds 

A 

W 

$2 

r 

M1 

d l h  

v 

dm ~ I 
v 

M2 

Fig. 11. Matching dihedral feature junctions (Type II). 
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4.3.1. Pose determination for Type H dihedral fea- 

ture junction 

For a successful match between a scene dihe- 

dral feature junction and a model dihedral fea- 

ture junction the viewpoint parameters  are com- 

puted as described in the remainder  of this sec- 

tion. The description is given in homogeneous 

coordinate systems and transformations [20]. The 

coordinates (x,  y, z) refer to the model coordi- 

nate system and (u, v, w) to the scene coordinate 

system. The operations × and • denote the vec- 

tor cross product and the vector scalar product 

respectively. 

With reference to Fig. 12 let m 1 be the unit 

vector in the direction BA and m 2 be the unit 

vector in the direction BC. Similarly, let Sl be the 

unit vector in the direction ED and s2 be the unit 

vector in the direction EF. The homogeneous 

coordinates of B in the model coordinate system 

are given by the column vector [x 0, Yo, z0, 1] T 

are the homogeneous coordinates of E in the 

scene coordinate system are given by the column 

vector [u0, v0, w0, 1] T. The goal is to find a trans- 

formation T such that 

T[xo ,  Yo, Zo, 1] T =  [Uo, Vo, Wo, 1] T. (4.3.1.1) 

The transformation T is determined in a step- 

wise manner  as outlined below: 

(1) Points B and E are translated to their 

respect ive  origins. Le t  T R A N S ( - B )  and 

T R A N S ( - E )  denote the respective homoge- 

neous transformations. This ensures that both 

junctions have their vertices translated to the 

origin. 

(2) The vectors m I and m 2 are rotated about 

an axis k = ( k x ,  ky, k z) (where k is the unit 

vector in the direction of the axis of rotation) by a 

scalar magnitude of rotation 0. The correspond- 

r31 

0 

where 

ing homogeneous transformation is denoted by 

ROT(k ,  0). ROT(k ,  0) aligns m I with s 1 and m 2 

with s 2. The values of k and 0 are computed as 

follows [21]: 

(m,-s,) x 
k = (4.3.1.2) 

II(m, - s 0  x (m 2 -82)II 

[1 - ( m ~ . s , ) ]  

cos 0 = 1 - [1 - ( k  "ml)(k'Sl) ] (4.3.1.3) 

[ ( k  X s , ) ' m , ]  

sin 0 = [1 - ( k ' m l ) ( k ' s , ) ]  " (4.3.1.4) 

(3) The final transformation can be thus writ- 

ten as: 

R O T ( k ,  0 ) T R A N S ( - B ) [ x 0 ,  Y0, z0 ,  1] T 

= T R A N S ( - E ) [ u o ,  v0, w0, 1] T. (4.3.1.5) 

From (4.3.1.1) and (4.3.1.5) 

T = T R A N S - I (  - E ) R O T ( k ,  0 ) T R A N S ( - B ) .  

(4.3.1.6) 

The transformation T from the model coordinate 

system to the scene coordinate system could be 

thus written as: 

T = R O T ( k ,  O)TRANS( tx ,  ty, tz) 

rll  r12 r13 tx ] 

r21 r22 r23 tY l ,  (4.3.1.7) 

r320 r330 l; ] 

rll = k2(1 - cos 0) + cos 0 

r12 = kxky(1 - cos 0) - k z sin 0 

C F 

E 
B 

81 D ml ~ A 

Fig. 12. Matching candidate model and scence feature dihedral junctions. 
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r13 = k x k z ( 1  - cos 0) + ky  sin 0 

r2j = kxky(1 - c o s  0) + k z sin 0 

r22 = k 2 ( 1  - cos 0) + cos 0 

r31 = k x k z ( 1  - cos 0) - ky sin 0 

r32 = k y k z ( 1  - c o s  0) + k x  sin 0 

r33 = k~Z(1 - cos 0) + cos 0 

and 

(4.3.1.8) 

t x = u o - r l l X  0 - r l 2 Y  0 - r l 3 z  0 

t y  = u 0 - r 2 1 x  0 - r 2 2 Y  0 - r 2 3 Z o  

tz = Wo -- r31Xo -- r3zY0 -- r33z 0. (4.3.1.9) 

The axis of rotation k could be alternatively 
expressed by the pair (s c, r/) where 

k~ = cos ~ sin ~7, ky = sin s c sin rt, k z = cos r/, 

(4.3.1.10) 

where - zr < r / <  zr and 0 < ~ < 2 zr. 

The transformation T is thus uniquely speci- 
fied by the 6-tuple (tx, ty, tz, ~, 7, 0). 

4.3.2. Pose determination for  Type I dihedral fea-  

ture junction pair 

In order to determine the pose for a dihedral 

feature junction pair, the pose is computed for 

each of the constituent dihedral feature junctions 

as described in Section 4.3.1. The pose of the 

dihedral feature junction pair is the average of 

the poses computed for the individual dihedral 
feature junctions. 

5. Implementation on the Connection Machine 

The Connection Machine (CM-1) is a fine- 

grained SIMD architecture with 64K processors. 

It is particularly well suited for data parallel com- 

putation where several processors carry out si- 

multaneous operations across large sets of  data as 
contrasted with control parallel computation 

wherein parallelism results from multiple proces- 

sors executing multiple threads of control. The 

two principal features of CM-1 that we have 

exploited in this work are (i) ability to treat  the 

CM-1 processors as uirtual processors which can 

be activated or deactivated under software con- 

trol and (ii) programmability of the communica- 
tion between processors. 

Each of the 64K processors in CM-1 contains 

4K bits of memory and a serial ALU. The proces- 

sors are connected by a packet-switched network 

based on a boolean n-cube topology. In CM-1 

there is a router  for every group of 16 processors. 

The router handles communication between pro- 

cessors within the same group as also the commu- 

nication between groups of processors. The router 

which are 4K in all, are configured as a 12 dimen- 

sional boolean hypercube. Each vertex of the 

hypercube could be looked upon as a fully con- 
nected set of  processors. 

In our work we have made use of the fact that 

a K-dimensional boolean hypercube can be 

mapped on an N-dimensional wrap-around mesh 

and vice versa in O(1) time. The mapping algo- 

rithm can be summarized as follows: 

Given a K-dimensional boolean hypercube and 

an N-dimensional wrap-around mesh D 1 X D 2 

× . . .  × D  N where each D i = 2 ml and EN=lmi = K .  

Let G,n i be the mg bit gray code representat ion of 

each processor along each dimension of the N-di- 

mensional wrap-around mesh. Any processor in 

the N-dimensional wrap-around mesh can be 

represented by a sequence of gray codes (Gm,)  

where each m i bit gray code value represents the 

coordinate value of the processor along the ith 

dimension. It is also known that any processor in 

the K-dimensional boolean hypercube can be as- 

signed a unique K bit gray code value. These 

K-bit gray code values maintain the adjacency 

property of the K-dimensional boolean hyper- 

cube in that any two K bit gray codes which 

differ in a single bit (i.e. at unit hamming dis- 

tance) map onto processors which are adjacent in 

the K-dimensional boolean hypercube. It can be 

shown that the concatenation of the gray codes in 

the sequence (Gm,)  of a processor in the N-di- 

mensional wrap-around mesh yields the K-bit 

gray code of a processor in the K-dimensional 

boolean hypercube. This mapping, moreover,  

preserves the adjacency property, i.e. adjacent 

processors in the N-dimensional wrap-around 

mesh map onto adjacent processors in the K-di- 
mensional boolean hypercube. Similarly, a pro- 

cessor in the K-dimensional boolean hypercube 

can be mapped onto an N-dimensional wrap- 

around mesh by appropriately partitioning the K 

bit gray code along each of the dimensions of  the 
mesh. This partitioning yields the gray code se- 

quence (Gmg) for the processor in the mesh. This 
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inverse mapping also preserves the adjacency 

property i.e. adjacent processors in the hypercube 

map onto adjacent processors on the mesh. Since 

most of the recognition techniques discussed in 

this paper are based on histogramming in N-di- 

mensions, the ability to configure CM-1 as an 
N-dimensional wrap-around mesh proved ex- 

tremely valuable. 
Issues regarding implementation on the Con- 

nection Machine for the various phases of the 

recognition and localization process are discussed 

in this section. 
(1) Feature extraction: The process of feature 

extraction includes surface fitting, curvature com- 

putation, step edge detection, roof edge detec- 
tion, pixel classification and pixel grouping. All 

these operations are carried out by configuring 

the Connection Machine as a two-dimensional 
grid of the same size as the image. Thus each 
pixel in the range image is mapped onto a single 

processor. The surface fitting is carried out in a 
local N x N window (where N is odd) centered 

around each pixel. The computations involved 

communications in a local pixel neighbourhood 

using the NEWS communications. Curvature 
computation, roof and step edge detection and 

pixel classification were strictly on a single pixel 

basis and involved no communication between 

neighbouring pixels. Pixel grouping was carried 

out using an asynchronous region growing algo- 

rithm. Each pixel (i, j )  was assigned an initial 
region label MAX*i  + j  where MAX is the im- 

age size. For each pixel which is not an edge pixel 

the neighbouring pixels are checked for H - K  
signs and their corresponding region labels. If any 

of the neighbouring pixels has the same H - K  
sign and a lower region label, the region label of 
the center pixel is updated to the value of the 

lower region label. This process is carried out in 

parallel for all pixels in the image. The termina- 
tion condition is when no pixel updates its region 

label. 

(2) Localization of curved surfaces: The axis of 
the conical and cylindrical surfaces were deter- 
mined by histogramming in the (d, ~, 77) space. 

Each point on the conical or cylindrical surface 
patch had to vote for the appropriate buckets in 

the (d, ~:, ~7) space based on the value of the 
components of the surface normal at that point. 
This voting process was carried out in parallel for 

each point on the surface patch. The maxima in 

the histogram was used to compute the orienta- 

tion of the axis and so also distinguish between 

conical and cylindrical surfaces. A parallel aver- 

aging process was used to determine the centers 
and radii of spherical and cylindrical surfaces and 

the apexes of conical surfaces. Points in each of 
these regions was represented by a linked list. 

The averaging process was essentially a parallel 

divide-and-conquer technique that computed the 
average of a pair of elements. The complexity of 

the algorithm was O(log N )  where N is the 

length of the list. 

(3) Computation of dihedral feature junctions: 
The surface patches which were identified and 

localized were allocated to the first row and col- 
umn of an M x M grid (where M = no. of surface 

patches). At each processor (i, j )  in the grid the 

dihedral feature junction corresponding to sur- 
face patches i and j is computed. It should be 

noted that only the upper half or the lower half 

of the grid along any of the major diagonals is 
effectively utilized. The mapping therefore is not 

optimal in the sense of processor allocation. Only 

valid dihedral feature junctions (Type I or II) are 

considered for matching and pose computation. 

(4) Matching and pose computation: The valid 

dihedral feature junctions were allocated to the 
first row and column of an L x L grid (where 

L = no. of valid dihedral feature junctions). At 

each processor (i, j )  in the grid the dihedral 
feature junctions i and j are matched and if the 

match is successful the pose is computed. As 

before, only the upper half of or the lower half of 

the grid along any of the major diagonal is effec- 
tively utilized. 

(5) Pose clustering: Pose clustering in the six- 

dimensional parameter  space of rigid body mo- 

tion is carried out by the process by histogram- 

ming in a six-dimensional accumulator. The Con- 

nection Machine software allows the processors 

to be configured in an n-dimensional grid [30]. 

Limited memory considerations necessitated a 
coarse initial quantization. After the initial his- 
togramming, the contents of the accumulator were 

thresholded to identify the cells that contained at 
least a certain number of votes. These ceils were 
tested recursively for peaks. Finer quantizations 

enabled a more accurate localization of peaks in 
parameter  space. 
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6. Experimental results 

The matching and localization technique based 

on dihedral feature junctions as described in the 

previous sections was experimentally verified. 

Since real range sensing facilities were not avail- 

able to us, the experiments were carried out on 

synthesized range images. This to some extent 

weakens the conclusions of this paper but never- 

theless brings out the advantages of exploiting 

parallelism in the process of 3-D object recogni- 

tion and localization on a fine-grained SIMD 

machine such as the Connection Machine. 

The flow chart of the entire recognition and 

localization process is shown in Fig. 13. Three 

candidate scenes shown in Figs. 14, 15 and 16 

were considered. Each of the scenes contained 

three objects from different viewpoints. The ob- 

jects are shown to partially occlude each other. 

Table 2 shows the experimental results in which 

both the theoretical and the experimentally com- 

puted poses are compared. 

Our experimental results show that the rota- 

tion parameters in the pose computation are quite 

sensitive to the difference in the angles between 

the scene and the model dihedral feature junc- 

l Input 
Image 

Pixel Classification and 

Pixel Grouping based 

on the HK signs. 

Localization of primitive surfaces 

i.e. cylindrical, conical, spherical 

and planar surfaces. 

Dihedral Feature 

Junction Formation 

Matching and Pose 

Determination 

Pose 

Clustering 

Pose 

Hypotheses 

Model Representation 

in terms of 

Dihedral Feature Junctions 

Fig. 13. Flowchart of the 3-D object recognition process. 



Parallelism in 3-D object recognition 307 

Fig. 14. Range image of Scene I. Fig. 15. Range image of Scene II. 

tions. On the other hand the estimation of trans- 

lation parameters was found to be far more ro- 

bust. The experimental findings were found to be 

in conformity with a formal sensitivity analysis 

reported elsewhere [31]. In scene II object 2 is 

shown to be fairly occluded. Yet, the experimen- 
tally computed pose is in close conformity with 

the theoretical pose. This brings out the robust- 

ness of the dihedral feature junctions when used 
for matching and localization. In scene III experi- 

mentally computed pose for object 3 is seen to 

differ considerably from the theoretical pose. This 

could be accounted for by the object symmetry. 

Since the object is symmetrical with respect to a 

rotation of ¢r about the model z axis, the trans- 
form T is indistinguisable form the transform 

TR~(zr) where R~(Tr) is the matrix corresponding 

to the rotation about the model z axis with an 
angular magnitude of rotation = 7r. For the theo- 

retical viewpoint of (150.0, 160.0, 1000.0, 347.23, 

121.44, 91.74) the corresponding symmetric pose 

is (150.0, 160.0, 1000.0, 77.236, 138.669, - 136.023) 
which agrees well with the experimentally com- 

puted viewpoint of (149.081, 160.763, 997.619, 
75.938, 139.219, -132.188). The histogramming 
technique used is not capable of disambiguating 
symmetric poses. 

7. Conclusions 

In this paper we have shown how the use of a 

fine-grained SIMD machine such as the Connec- 

tion Machine enables use to exploit parallelism in 

the process of 3-D object recognition and local- 

ization. The input images are range images of 
3-D curved objects composed of piecewise combi- 

nations of conical, cylindrical and spherical sur- 

Fig. 16. Range image of Scene III. 
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Table 2 
Experimental results 

S.M. Bhandarkar, R.IZ. Shankar, M. Suk 

Scene Viewpoint Object 1 

parameters Theoretical 

viewpoint 

Object 2 Object 3 

Experimental Theoretical Experimental Theoretical Experimental 
viewpoint viewpoint viewpoint viewpoint viewpoint 

I t x 100.000 

ty 100.000 

t z I000.000 

,~(deg) 2.329 
r/(deg) 114.910 

O(deg) - 113.483 

II t x 100.000 
ty 100.000 

t z 1000.000 
~:(deg) 2.329 
"0(deg) 114.910 
0(deg) - 113.483 

III t x 180.000 
ty 100.000 

t z 3000.000 

j ( d e g )  32.330 
-q(deg) 127.370 
0(deg) - 145.220 

95.974 160.000 156.802 200.000 200.308 
102.689 160.000 165.329 100.000 99.936 

1000.183 2000.000 1999.084 3000.000 2999.694 

2.633 5.264 2.633 327.240 329.063 
116.719 114.597 116.719 133.930 130.781 

- 109.688 -84.673 -81.563 116.497 126.563 

95.974 160.000 161.435 130.000 129.007 
102.689 160.000 159.824 180.000 180.502 

1000.183 3000.000 3011.658 2000.000 1997.375 
2.633 5.264 14.063 354.736 357.188 

116.719 114.597 108.281 114.597 116.719 
- 109.688 -84.673 -70.313 84.673 87.188 

180.972 120.000 121.152 150.000 149.081 

98.392 140.000 137.936 160.000 160.764 
2999.695 2000.000 2003.357 1000.000 997.620 

30.938 32.260 30.938 347.230 75.938 
127.969 132.770 133.594 121.440 139.219 

- 143.438 - 113.060 - 109.688 91.740 - 132.188 

faces. Such objects constitute a significant major- 

ity of the objects encountered in an industrial 

environment. Hough clustering is chosen as the 

constraint propagation technique on account of 
its ease of parallelization. Qualitative surface 

classification based on the signs of the Mean and 

Gaussian curvature is used to come up with dihe- 
dral feature junctions which are used for matching 

and pose computation. Dihedral feature junctions 

are shown to be robust to occlusion and offer a 

viewpoint independent modeling scheme for the 

object models. Experimental results on the Con- 
nection Machine bring out the advantages of the 

proposed technique. 
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