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Abstract

Waoltzon, H.J., Generalizing the generalized Hough transform, Patermn Recognition Lecers 12 {1991} 363-573,

We present a new method for model based vecogpnition of articulated objects 10 ciuttered scenes, The objecis conzist of rigid
parts contected by rotary or prismatic joints, Owr -method i3 bazed on an extension of the Jeneralized Hough Transform
paradigm. 1t 18 applicable to varions viewing transformations. Unlike previous methods no significant degradasdon is expected
in performance for recognition of articulated objects compared with the recognition of rigid objocts cumqlnin,g a similar

amounl of infocmelion.

!
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1. Iotroduction

Omne of the major problems in machine vision iz
object recognition. This problem s especially
challenging when the objects may partially occlude
each other. In model-based vision one may assume
that the ubje::ts in the scene belong to a large
hbrary of models which is known in advance. This
15 the situation.in varioos industrial applications,
where a robot is faced with recognition and loca-
tion of abjects i a scene comprised of a subsel of
the factory tools and products. Most of the work
which was done up to date in objact recognition
concentrated on recognition of rigid abjects (ses

* Thit research was supporied by granl Mo, 3900481/ {rom
the US-lsrac] Binational Science Foundation {BSF), Jeruzalem,
Israel.

{Besl and lain, 1985; Chin and Dyer, 1986) for
comprehensive reviews and (Lowe, 1935; Thompson
and Mundy, 1987; Linnainmaa ¢t al.,, 1988;
Huttenlocher and Ullman, 1988; Lamdan and
Wolfson, 1988) for some recent work), However,
many of the standard tools, as well as robots
possess anternal deprees of freedom. Thus in order
to have a practical object recognition gystem, one
has to extend it to handle articulated rigid objects,
namely, objects having tigid parts which are con-
nected either by rotary (revolute) or prismatic
{sliding} joints. This class of objects 15 of special
impnr'ta:ucf: since it includes most of the industrial
_nfrb:_‘:rt_s and man-made Tactory tools.

Up to date very little. work was done on at-
ticolated object recognition. The first atiempt to
tackle the problem was probably by Brooks (1931)
in his ACRONYM system. Grimson (1987} extend-
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el the interpretation tree approach (Grimson and
Lozano-Pérez, 1987} to deal with 2-D objects with
rotating subparts. Goldberg and Lowe {(1987) ex-
tended Lowe's SCERPO systemn to deal with 3-D
articulated objects, such as staplers etc.

Typically, there are two major approaches to ex-
tend existing rigid object recognition systems s0
that they could tackle the more complicated ar-
ticulated object recognition problem. One ap-
proach is to incorporate the additionsl degrees of
freedom into the recopnition machimery, and at-
tempt to discover the objects moduio all these new
degrees of fregdom, This usually resulis in a
significant increage in the complexity of racogmi-
tion and degradation of performance compared
with the recognition of rigid objects having a
similar amount of visual information. Another ap-
proach is to represent an articnlated object as a
composition of its rigid parts, try 1o recognize each
part individually, and then check some global con-
sistency among the candidate soluriong for the
separate parts. A variation of this approach {Grim-
son, 1987) is to attempt to recognize just oneg part
{th¢ more informative one), derive some con-
straints from this hypothesis, and then try to
recognize the other parts under the simplifying
assumptions of the derived constraints. Here one i3
also dependent on the order parts are being
recognized. This second type of approach can give
reasonable reswlts 1f the individual pars have
enough uncccluded information io be recognized
as rigid objects. However, if the unoccluded por-
tions of the partz are nol informative encugh, the
initial hypotheses of the alporithms will not be
reliable to proceed to the global consisteney check.
One can say that this second approach does not ex-
ploit forcefully enough the fact that the different
parts do belong 1o the same object.

It would be desirable to design an articulated ob-
ject recognition approach which incorporates both
the more simple rigid subpart recognition techm-
ques and the global consistency checks as an in-
tegral part of the recognition process. 1n this short
paper wea present such an approach, which s an ex-
tension of the Oeneralized Hough Transform
paradigm for npid object recopnition (Ballard,
1981). By mmtroducing a new indexing schame
which exploits reference frames located at the
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joints we introduce the global consistency check
already on the level of the initial local voting of the
Hough scheme. In such a way the performance of
our algarithm for articulated objects showld be
quite similar to the performance of the Generalized
Hough Transtorm (GHT) for rigd object recogni-
tion, given that one 15 dealing with objects having
the same amount of relevant wnoccluded visual
feature information. Our approach is peneral in
the sense that it applies to vanous viewing trans-
f[ormation assumptions. It is applicable for ar-
ticulated objects with either rotational or shding
jcints. Cur basic idea also extends to objects with
multiple joinis.

We have done a preliminary implementation of
our algorithm for recognition of rotated, trans-
Iated and scaled {nearly) 2-I} objects with rotary
joints, We have itested the performance of the
algonithm on a set of standard tools, such as pliers,
hammers, scissors ete, The results have been quite
reassuring and are reported in (Beinglass and
Walfson, 1991}, Since this paper i intended just to
present the basic idea, we do not present, an
analysis of the experimental results. This will be
done in a follow up paper.

This paper iz orpanized as follows. In Section 2
we give & short overview of the existing Generaliz-
ed Hough Transform based rigid object recogni-
tion technigques and present a peneral framework
for these technigues under various viewing trans-
formation assumptiong, Section 3 presenis a
general framework for articulated object recogni-
tion by extending the GHT approach. It analyses
the cases of rotary and sliding ioints, and also
presents the multiple joint case. Finally, in Section
4 we summarize and discuss our method and
outline some future research and implementation
projects.

2. The generalized Hough iransform for
recognition of rigld ohjects

In this section we briefly survey the existing
GHT based rigid obiect recognition methods, and
present a general framework of recognition by a
GiHT technigue using R-tables. This serves as an
introdugtion 1o our suggested articulated object
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recognition method which is presented in the
subsequent sections.

The Hough Transform was originally introduced
to detect the parameters of line segments in binary
image data. It was later extended o detection of
other parametrized curves, and even to the detec-
tion of arbitrary shapes. For & comprehensive
survey of Hough Transform based technigues see
{lllingworth and Kitiler, 1988),

Ballard (1981) suggested a rigid shape recopni-
tion method which incorporates a clever indexing
scheme, based on a kind of an associalive memory
which he called the R-table. Hiz method was
originally designed for 2-D objects which have
undergone a translation in the plane. k was based
on an indexing procedwre, where edges which are
distinguished by their orienration, wvote for the
location of a predefined ‘object center’. His
technique, being 3 local one, had the advantage of
handling partial occlusion. The snggested extension
of the method to accommodate for both rotation
and scale change was by exhaustive enumeration
on all possible (quantized values of) rotations and
staling factors {see (Ballard, 1981}, or (Ballard and
Brown, 1982, pp. 128-131)), although Ballard
mentioned the possibility of using pairs of edges to
reduce this huge enumeration space.

A related nigid object recognition method which
has also been termed Generglized Hough or pose
clustering (see (Stockman, 1987; Silberbarg et al.,
1984; Thompson and Mundy, 1987: Linnainmaa et
al., 1988)) is usually applied for various viewing
transformation assumptions. It does net use an
R-table indexing scheme. In this approach, cecop-
nition of an abject in a scene is achieved by finding
a transformation between a model-phject and the
scane, which maps a large enough number of the
maodel inferest features Into scene inferest feaiures.
The transformation is dizcovered by voting for its
parameters which are consistent with hypothetical
pairings of object and image compound interssy
Jearures, ldeally, the compound features are such
that they oniquely defing the parameters of a can-
didate transformation. Since this method does nol
use an R-rable, each model-object has to be match-
ed separately against the scene.

We present now & unified approach to rigid ob-
ject recognition ysing the Generglized Hough
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Transform. This method exploits the efficient
R-table indexmg method, nevertheless it can he
siill applied to various 2-D to 2-D or 3-D to 3D
transformations since i uses compound interest
feaitires, which have enough information to define
a transformation mvariant reference frame, and &
transformation invariant guantity which we call
shtape sipnavtre. In the original GHT application
(Ballard, 1981) an edge with its direction are used
to define a translation invariant reference frame,
which origin is the location of the edge and x-axis
direction is the orientation of the edge. The shape
signatire is the orientation of the edge. Such ¢com-
pound features can be easily defined for any other
2-D object transformation. For example, in the Im-
portant case of the simnilarity transformation {rota-
rion, translation and scale), two ordered points
(or, equivalently, a line segment) uniquely define a
rransformation invariant reference frame. The
first point is the origin, so it defines the transla-
tion, the second defines the unit vector in the x-
direction, and thus also the scale, and rotation.
However, two ordered points do not' define a
similarity invariant shope signatire, thus:ﬂm: needs
a third point {or at least a direction). Angles of
such a triangle, or ratios of edge lengths supply
several possible signatures. For an affine transfor-
mation one teeds a compound feature of four
points in general position. There, the'first three
points can define an affine frame and the coor-
dinates of the fourth point in this frame define an
affine invariant shape signature (see (Lamdan et
al., 1988)). An analogous discussion applies also to
3-D from 3-D transformations.

The GHT atgorithm for any 2-D (or 3-D from
3-I) trapsformation can now be descnibed as fol-
lows,

Preprocessing - R-tabfe formation

The following preprocessing is applied to each
maodel-object.

(a) Extract the interest features of the object.

(b} Pick an arbitrary pixel as the object’s
‘reference center’, and define a 2-D coordinate
frame centered at this pixel.

i) For each compound feature {zet of basic
fearures) which defines 2 transformation invariant
shape signature, compuote this signature and the

17
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compound feature based coordinate frame (the
compound feature has enough information io
define such a frame uniquely using some conven-
tion). Use the signature as ag address to the
R-table, and record in the appropriate emiry two
pieces of information, namely, the object which
gave rise to this signature, and the coordinate
transformation between the compound feature
based coordinate frame and the abject’s ‘réference
center® based coordinate frame.

The preprocessing stage is done only ance for
each object in the model base, and is fully indepen-
dent on the scenes to be recognized.

Recognition

Given a composite scene of partially occluding
objects the following recogaition procedure is
applied.

{2) Exiract the interest feqtures of the sCeTe.

(b} For each compound feature which defines a
transformation invariant SAgpe signatire, compute
this signature and use it as an address to the ap-
Propriate R-table entry. For each record in thas
Crry compute a candidate ‘object center’ and
reference frame by applying the prerecorded
transformation ta the compound feature irased
coordinate frame. Cast a vote for the identity of
the object together with ke associated object
centered reference frame (the same object with dif-
ferent frames are treated ag separate entities),

{c). Check the accumulator of votes for high
scoring pairg of (edject, reference frame).

{d} Verify the high seoring candidates (see, for
exatnple, (Heller and Stenstrom, 1989)).

This general description of the GHT method
using an R-table generalizes Ballard’s method {or
translation inveriant recognition, applies to all the
2-D transformations mentioned above and to 3-D
from 3-D recognition. While having the advantage
of the R-table based indexing, it does not require
exhaustive enumeration of some of the parameters
for more complex transformations. However, tha
main gdvantage {rom our point of view is ifs
natural generalization to the recogmition of ar-
hculated objects, as is described in the sequel.

A1
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3, Articulated object recognition

In this section we discuss recopmition of ar-
ticulated objects unider varions viewing transfor-
mations. Articulated objecis consist of rigid Darts
which are connected by joints which allow relative
motion of neighboring parts. In robotic applica-
tions (Craig, 1986) one is usually concerned with
rotary (revolute) or prismatic (sliding) joints. Thus
articulated object recagnition s¥ystems have to Jeal
0ot only with exrernaf transformations of the
whole objact, such as rotations, translations, scal.
ing, but also with internal transformations of the
neighboring parts relative to each other,

Rigid object recognition S¥stems have been
designed to deal with exzerag! object transforma-
tions by considering object fearures which are ip-
variant to these transformations (se¢ Section 2).
The main property expioited is that for a given ob-
Ject, all ity features have undergone ithe same
transformation. This assumption does not hold for
articulated objects becauss of the internal degrees
of freedom, In Section I we have mentioned that
one of the approaches to articulated objakt re-
cognition has besn to try and recognice its in-
dividual parts, and then check whether the
recognized parts are consisient gt the ioiats, Such
an approach does not advance us much beyond the
rigid object recognition systems, sinee individual
parts of a given ebject might not contain enough
information to be. reliably recogpized. This might
happen due to considerable occlusion which is
especially acyte in the articthecl,ubje-ct case, since
in such abiests even diffsrent paris of the same ob-
Ject tend ta occlude each other. Hence, we suggest
an approach which incorporates the joint con-
sistency information {n a natural way, and not as
4 post-processing to the rigid part reCognition step.
We describe our approach both in the cases of
single rotary or prismatic joints, and then we
cutling a possible method to address the recogni-
ton problem of articulated objects with multiple
joints, -

3.1, Recognition of objects with rotary Joinis

For the sake of clarity, we firgt describe our
algorithm for the case of objects with two parts
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each, The parts are limked by a rotary joint {e.g.
pliers, scissors, pimecers are objects belonpmg to
this class). We consider the cases (transformartions)
which occur either in the recognition of 2-I» ob-
jects from 2-D images, or in the recogrution of 3-D
abjects from 3-D date {(e.g. range, tactile). The key
point is that, since the joint belongs Lo both parts,
one can gather simultaneous votes from all the
parts of an object, if he places his reference frame
at the joint location.

Praprocessing — R-table formation

The following preprocessing is applied to each
madel-object. '

{a) Extract the inferest features of the olygect,

{b) Pick the ratary Joint position as the object’s
‘reference center’, and define a 2-D coordinate
frame centered at this joint.

{¢) For each compound feature {set of basic
fagturesy which defines a transformation invanant
shape signatiere, tompute this signature and the
compound featute based coordinate frame. Use
the signature as an address to the R-table, and
record in the appropriate entry two pieces of mfior-
mation, namely, the cbject which gave rise to this
‘signature, and the coordinate transformation be-
iweent the compound feature based coordinate
fratne and the object’s ‘joint centered’ coordinate
frame.

Recognifion

Given 4 composite scene of partially occluding
objects the following tecognition procedure is
applied.

{a) Extract the interest features of the scene.

{b} For each compound feature which defines a
transformation invariant shape sighature, compute
this signature and use it as an address to the ap-
propriate R-table entry, For sach record in that en-
1y compute a candidate *object joint location® and
reference frame by applying the prerecorded
transformation to the compound feature based
coordinate frame. Cast a vote for the identity of
the object together with the associated location
and orientation of the joinr centered reference
frame.

(c) Check the accumulator of votes for high
seoring pairs of (efyect, joint locatinn).

PATTERN RECOOMNITEON IETTERS
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{d) Check the hgh scoring candidates, whether
there are only two high scoring orientations at the
suggested joint locations.

{e) Verify the high scornng candidates by mat-
ching all of their edges, This verification can be
done by applying the two candidate transforma-
tions to the appropriate model parts, and checking
whether ‘a relatively high percentage of the pro-
jected model edges are in close vicinity to image
edges having a similar direction {for & thorough
discussion of such a verification scheme ses (Heller
and Stensirom, 1989)).

In this algorithm we have naturally explaited the
fact that both parts incorporate the same joint by
locating the object’s reference frame at the joint.
In such a way both parts contribute votes to a
reference frame at the same location, although at
two different orientations, This two orientation
clustering is exploited for an additional consistency
check at step {d) of the recognition algorithm. By
picking up vates from all of its parts, an abject,
which 1% considerably occluded, can sfll score
high, although its individval parts could réceive an
insignificant score each. Moreover, even if dif-
ferent parts of the same ohject do appear in the
scene, bot are not bnked by a jmint at a correct
location, their votes will not combine l;qgn:thtr,

In practice, one has more consistency cons
straints than just the joint location, Some of them
are due to the viewing transformation, and others
are due o the consistency of evidence for the same
part of a model. For example, in the case the scal-
ing of rotation, translation, and scale, the scaling
factorz of all the parts should be nearly identical.
This constrainl ¢can be checked before the final
verification step {e) of the algonthm. See (Beinglass
and Wolfson, 1991) for the consistency constraints
that we have apphied in similarity invariant recog-
nition. .

Note that the method presented here is almost as
powerful as the GHT method for rigid object
recognition. There is alinost no expected degrada-
tien in performance for the more complicated ar-
ticulated object case. If one applies the GHT (as in
Section 2) lor the same object with a fixed joint
position {no internal degrees of freedom), the only
advantage he has is that he should gather votes not

369
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only for a unigue joint location, but also for a uni-
gue (rotary) joint based reference frame orienta-
tion (instead of the two expected in our case). It
seems to us that the expected degradation in per-
formance for articulated objects is small compared
with the gain of the extension of the algorithm for
this imporiant class of objects. It is also worth-
while to mention that occlusion of the reference
joints in the scene has no effect on the perfor-
mance of the method.

The aigorithin described above has been im-
plemented for objects with single rotary joints
which have undergone a similarity transformation
(rotation, translation and scaling). Due to the suc-
cinct nature of this letter, we do not discuss here
these preliminary results. They can be found in
{Beinglass and Wolfson, 1991),

Our discussion was so far restricted to rotary
joints. In rhe next subsection we describe the
method for prismafic (siiding) joints.

3.2, Recognition of ohjects with prismatic joinis

In this subsection we discuss our method for
prismaric (sfiding) joinis. Conceptually, the basic
approach is analogons to the one described earliar,
‘This time, however, the information that is shared
by both parts is not the joint location, but its line
of slide.

Specifically, let us describe the algorithm, for
objects with two parts, which are linked by a
priemati; joint {see Figure 1).

For the zsake of clarity, let us discuss the case of
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2-I} abjects, which bave undergone a similarity
transformation (totation, translation aod scaling)
in the image. The algorithm follows:

Preprocessing - R-table formuation

The following preprocessing 15 applied 1o each
model-object.

(a) Extract the inferest feattires of the object,

(b} Pick a reference frame for the object in such
a way, that the x-axis of this frame is aligned with
the line of slide of the prismatic joint. The odgin
of the reference frame is chosen in an arbitrary
way.

() For each compound feature {set of basic
features) which defines a trapsformation invariant
shape signatire, compute this signature and the
compound feature based coordinate frame. Use
the signature a5 an address to the R-table, and
record in the appropriate entry two pieces of infor-
mation, narnely, the object which gave rise to this
signature, and the transformation between the
compound feature based coordinate frame and the

object’s ‘line of slide oriented' coordinate: fratme.
¥

[

Recognifion

Given a composite scene of partially occluding -
objects the following recognition procedurz s
applied.

(a) Extract the interest features of the Scene.

(b} For each compound feature which defines a
transformation invariant shape signatire, compute
this signature and use it as an address to the ap-
propriate R-table entry. For each record in that en-

Fleuee 1. A& two part object linked by a prismatic joint with an assoclated reference fearme,

370
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try compute a candidate ‘joint line of slide’ and &
refarence frame, having this line of slide as its x-
axis, by applying the prerecorded transformation
to the compound feature based coordinate frame.
Cast a vate for the identity of the object together
with the associated location and orientation of the
reference frame,

(¢) Check the accumulator of votes for high
scoring pairs of (object, line of slide).

(d) Check the high sconng candidates, whether
thete are only two high seoring referance frame
origing on the suggested x-axrs.

(e) ¥erify the high scoring candidates by mat-
ching all of their edges. This verification can be
done by applying the two candidate transforma-
tions to the approptiate model parts, and checking
whether a relatively lngh percentage of the pro-
jected model edges are in close vicinity to image
edges having a similar direction.

The differences between the rotational and
prismatic joint cases are as follows. In the R-feble
Jormation phase for objects with rotary joints we
picked the joint location as the origin of the ob-
ject’s reference frame, while the orientation of that
frame was selected arbitrariiv. In the case of a
sliding joint we fix the object’s reference frame
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orientation by aligning its x-gxis with the joint’s
line of slide. The origin can be chosen arbitrarily
on that axis. Thus, in step (b) of the Recogailion
phase we cast votes for the pair {(ebject, line of
slide) and expect to get a high voting candidate
with only two significant clusters of frame origin
location. In a way, the prismatic joint case may be
viewed as the dual of the rotary joint case.

Cbviously, the same shape signafure may vote
for {several) rotary joints as well ag for (several)
prismatic joints, the way it may vote for different
ohjects. This information is naturally represented
in the R-table.

3.3, Recognition af objects with miultiple joinis

Although objects with single joints probably
comprise the largest group of man-made tools,
there are also objects with mulfiple joinis. In par-
ticular, most of the induosirial robots are articulated
objects with multiple joints, The extension of our
method to handle multiple joint information is
quite straightforward. Consider Figure 2. There we
have depicted a four part object with two rotary
joints and one prismatic joint. Parts B and < are
connected to two joints, while parts A and D are
connected to a single joint each. In the R-talie for-

} '
| :
Y v |
p——

J
h‘

'n.\B

\ .
ice

Figure 2. Multiple foite object.
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mafion phase the ‘single joiat’ pars A and D wil
be processed exactly as explained above. Mamely,
each compound feature of part A will encode into
the R-table the information about the object, and
the transformation between the feature bagsed
relerence frame and the appropriate rotacy joint
based reference frame, while each compound
feature of part I will encode the transformation
between its reference frame and the prismatic joint
based frame. However, for parts B and C we will
deline (wo reference frames, one at each of its
joints. Each .rompound feaiure of parts B and C
will contribute two entries to the R-table, one for
cach reference frame. Otherwise, everything will
be handled as before. In the Recopnition phase the
voting will be exactly the same. Of course, if one
Eets a significant vote for some part with different
joinl lecations {or orientations), it is possible to in-
trodiice vet another consistency check at step (d} of
recognition to verify, whether the high sconng
joints might be on the same object.

4. Summary and discussion

We have presented an articulated object recogni-
tion approach which is based on an extension of
the Gengralized Hough Transform technigue, This
approach is quite general and applies 10 various
2-D to 2-D and 3-D to 3-D external abject transior-
mations as well as to internal transformations of
abjects with rotary and prismatic joints. It ¢an
even be extended to accommodate abjects with
multiple joints.

As we see it, the major advantage of our techni-
gue is its straightforward extension of the Hough
voting scheme with very little degradanion in per-
formance compared to the much simpler rigid ob-
ject racognition problem. This suggests that
application of the GHT technique ta the recogni-
tion of rigid objects anly does no lolly exploit the
eriginal power of the method. Our method shares
the well known limitaticens of the GHT method,
but does not add! new ones, as usually happens
when an existing object recognition technique is
extended to handle articulated objects.

A preliminary implementation of the method for
recognition of rotated, translated and scaled 2-D

572
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objects with rotary joints is presented in (Beinglass
and Wolfson, 1991), Currently we are extending
our approach to additional cases, in particular (o
the recognition of 3-D objects from 2-D images.
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