Visual Information Technology

A method is presented for efficient and reliable ob-
, ect recognition within noisy, cluttered, and oc-
duded range images. The method is based on effi-
tiently matching a set of voxel templates generated
by rotating a model exhaustively through its pose
space. The template set is composed into a binary
decision tree classifier, with the tree leaf nodes rep-
tesenting individual voxel templates of the model.
The internal tree nodes represent the union of the
templates of their descendant leaf nodes, and the
union of all leaf node templates is the complete tem-
plate set of the model oriented over its discrete pose
space. Each internal node also references a single
yoxel which is common to its child node templates.
Traversing the tree is equivalent to efficiently
matching the large set of templates at a selected im-
ige location. Experiments have shown the process
0 be approximately 4 orders of magnitude more ef-
icient than brute-force template matching. Results
presented in which recignition is achieved in less
hian 20 seconds within noisy and significantly oc-
luded range images.

t object recognition methods involve a fea-
Ie extraction preprocessing phase, followed by a
laiching phase which relates the extracted image
atures to those in a model database. The use of
gh level features effectively reduces the space of
ssibilities in the matching phase, and lends struc-
Ire to the matching process. A reliance on fea-
Ie extraction can, however, be problematic. The
bbustness of extracted features may depend upon
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extrinsic factors, such as lighting conditions in 2D
intensity images, and sensor vantage in 3D range
images [1]. Feature extraction can also be compu-
tationally expensive, and is often more so than the
subsequent matching. Further, methods based on a
particular feature set are restricted to the recogni-
tion of objects that contain some features from that
set.

An alternative to feature extraction is template
matching. An object to be recognized is represented
as a template, which is a subimage described in
low level image elements. Matching is performed
by sliding the template over all possible image loca-
tions, and calculating a correlation metric.

In its straightforward implementation, template
matching can be inefficient. For m template pix-
els and n image pixels, m?(n — m + 1)? operations
are required to score the template at all image lo-
cations. Rosenfeld et al. [2, 3] reduce this expense
by sequencing the order in which the elements are
compared, thereby increasing the likelihood that an
error threshold signifying a mismatch is exceeded
prior to comparing all pairs. Other proposed meth-
ods to improve efficiency include multistage subtem-
plate matching [4], mutliresolution [5] and hierarchi-
cal structures [6, 7].

While the above cited methods focus on improv-
ing the efficiency of matching a single template
against an image, other methods improve the ef-
ficiency of matching a set of templates. The best
known of these is the Hough Transform [8] which
is equivalent to matching a set of templates from
a given class of objects [9]. Ramapriyan [10] orga-
nized a set of templates into a tree structure with
leaf nodes corresponding to individual templates.
At each intermediate node, the input template was



compared with a representative template comprised
of the union of all descendant templates, and the
value of the score determined which branch to fol-
low. Experimental results on 2D images with a set
of 36 templates showed an improvement of a factor
of 4 over the brute-force method.

Our approach is based upon compiling a set of 3D
templates, generated by rotating a model exhaus-
tively through its pose space, into a binary decision
tree classifier. A decision tree classifier is a pattern
recognition structure which efficiently associates an
input signal with one of a possibly large number of
classes. In our case, the leaf nodes represent small
sets of templates, and the intermediate nodes repre-
sent the union of all descendant sets. As the tree is
traversed, a single template element, which is the in-
tersection of all descendant node templates, is used
to differentiate between the two children nodes. We
have found this construct to be both reliable and
many orders of magnitude more efficient than the
brute-force approach.

The complete method is organized into 4 process-
ing phases. In the first hypothesis generation phase,
the tree is traversed for each (discrete) image point,
and likely template matches (i.e. model poses) are
identified at each location. The two subsequent ver-
ification phases rank the results first in the discrete
and then the continuous domain. A final refinement
phase improves the estimated pose of the match us-
ing a standard Iterative Closest Point (ICP) method
[11]. A diagram of the main offline and online pro-
cessing phases, and their associated data structures,
is illustrated in Figure 1.

The remainder of this paper is organized as fol-
lows: in Section 2, 3D object recognition is defined
as a constraint satisfaction problem, and the quan-
tization of the problem domain is justified. Sec-
tion 3 describes the hypothesis generation phase and
addresses aspects of the decision tree construction
and traversal. Section 4 describes the verification
phases. Experimental results are presented in Sec-
tion 5, and the paper concludes in Section 6 with a
summary and a discussion of some future research
issues.

2 Recognition as Constraint
Satisfaction

Let a scene S consist of a set of surfaces, and let a
range image I of S be defined as a set of n points
{p;}7 which samples the surfaces in S. The points
are described in sensor frame coordinates, and in
keeping with most range data acquisition technolo-
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Figure 1: Process Diagram

gies, we assume that any p; € I correspond only {0
portions of the surfaces in S which are non-occluded
with respect to the sensor vantage. 1

Let M be a surface model of a rigid object, which®
may be transformed homogeneously within S to any
6 dimensional pose §. We denote an instance of
M with pose g as M 7 The objective of obJect

recognition is to determine all occurences of M] +in

the subspace of S that is imaged by I.
Let T'(M] 8 S) be the set of surfaces defined by

the projection of the non-occluded surfaces of M]e"

e

onto the closest corresponding surfaces of S. Thus,
for every non-occluded point on the surface of the
model in the given pose, there will exist a come
sponding closest projected point in the scene;

meMé':}EngF(MO-‘,S) (1)!
—Ps|VPs€S {1

One way to measure the goodness of a match of
M] ~in S is to consider the magnitude of the areaof

s.t. pg € S and |pm — pg| < |Pm

(Ml o) S), and the magnitude of the volume bound‘
by M]e and I‘(M]e,S) In the case of a perfect
match, for example, the area of I'(M]~ 7 S) would,‘



equal that of M| 8 and the volume between them

would have a magnitude of zero.

Let A(S;) denote the magnitude of the area of
a set of surfaces S; and let V(S;,S;) denote the
- magnitude of the minimal volume bound by two
surface sets. Object recognition can then be defined
as a process of finding all values of § which satisfy
the following constraints:

AMz) - ATMgS) <ex  (2)
V(M5 T(M,8)) < ev 3)

where € 4 and €y, are thresholds determined by the
model geometry, the accuracies of the sensor and
model, and the noise and occlusion properties of
the image and scene.

These constraints form a necessary but not suf-

ficient condition for recognition. There may be ar-
bitrary scene surfaces which satisfy the constraints,
 but are not part of the object of interest. There may
- also be other objects which are similar in shape to
the object of interest, and satisfy the constraints in
(ertain poses. Approximations of these constraints
are the basis of ICP algorithms which are commonly
‘used in pose refinement processes [11].
The exhaustive method of simply transforming
the model through all values of § and estimating
the constraint function values is not feasible, as the
general 6 dimensional pose space is large. Rather,
We must rely upon heuristic methods of searching
this space.

21 Domain Quantization

‘Rather than operating in continuous space, the first
iwo phases of the process map the problem into
a coarse resolution discrete domain, with I repre-
sented as a voxel map, and each M| gasa set of tem-

plates of the voxels that intersect with the surface
ofthe model in the specified pose. The quantization
of range images into voxels, and the related octree
resentation, is a technique that has been used to
dadvantage in mesh generation [12, 13|, image regis-
dration [14], gaze planning [15], and recently object
tecognition [16]. While many recognition methods
quantize some mapping of the image signal [17, 18],
10 the author’s knowledge, the only known method
nwhich voxel template matching has been used di-
reetly is [19].

Bach voxel in the range image voxel map takes
on one of four values :

¢ surface (S) : the voxel intersects with the sur-
- face of the model ;

o e

Figure 2: Voxelated Range Image

o free (F) : the voxel lies between the sensor
head and a surface-valued voxel ;

e occluded (O) : the voxel lies behind a surface-
valued voxel from the sensor head ;

e unknown (U) : the voxel lies outside of the
sensing frustum.

An example of the surface-valued voxels of a voxe-
lated range image is illustrated in Figure 2. It can
be seen that the voxel resolution used in the experi-
ments is coarser than is typically considered accept-
able in image processing.

Mapping the problem into the discrete domain of-
fers two advantages. First, it provides an efficient
means to index a particular point in space to deter-
mine the presence or absence of surface-valued range

183



data, an operation which is used extensively in the
first two phases of the method. Second, the quanti-
zation of 3D space into voxels imposes an equivalent
quantization of the pose space : for any given voxel
resolution, there is a continuous neighborhood of
poses which map the model surfaces into identical
voxel templates. The discrete pose space requires at
most one representative pose value from each neigh-
borhood, which effectively enumerates and reduces
the space of possible model poses.

For example, in the experiments reported in Sec-
tion 5, the voxel resolution is chosen to be 15 mm?,
which is ~ 100 times coarser than the raw range
data. The discrete pose space is based upon 1/2
of a level-2 icosahedron with a solid angle of ~ 10
degrees between rotational coordinates, resulting in
5760 unique rotational pose coordinates.

3 Hypothesis Generation

3.1 RT-Template Definition

In the hypothesis generation phase, for each surface-
valued image voxel, a set of candidate model poses is
generated which are likely to satisfy the constraint
inequations (2) and (3). For each pure rotational
value § of the discrete pose space, we define a rota-
tion template (r-template) as the set of non-occluded
voxels which intersect with M| g Similarly, a ro-

tation translation template (rt-template) is defined
as an r-template that has been translated so that
one of its member voxels lies at the origin. For
a given pose space quantization, the number of r-
templates of a specific model will be equal to the
number of unique rotation pose space coordinates,
and the number of rt-templates will be equal to the
number of r-templates multiplied by the average r-
template size.

3.2 Template Matching As Decision
Tree Classification

The objective of the Hypothesis Generation Phase
is to find candidate matches of every rt-template
against every image voxel. Due to the large number
of rt-templates, the brute-force method of simply
translating each rt-template to each surface-valued
image voxel is too costly, even at a reduced resolu-
tion.

To improve efficiency, we compose the rt-template
set into a binary decision tree classifier. In gen-
eral, classification is a pattern recognition process
whereby an input vector is determined to fall within
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1
some feature space region, or class. In cases where |
either the dimension of the input vector or the num-
ber of classes is large, efficiency can be improved
with a multi-stage classifier, which considers onlya
small number of feature vector components at each
stage, thereby reducing the set of possible classes
that need be compared at each successive stage.

The root of a decision tree represents the entire
set of classes, and each interior node represents a
subset of the classes associated with its parent node.
A leaf node represents either a single class, or a
small set of classes. In addition to a class set, each
non-terminal node has an associated feature set and
decision rule. When traversing the tree, the decision
rule is applied at each node to the associated fea-
ture subset of the input vector to determine which
descendant branch to follow. The decision rule s
multaneously measures the similarity of the feature
subset with all remaining possible classes, and re-
duces their number accordingly. Decision trees have
been used successfully in medical image processing
[20] and OCR |[21, 22] applications.

We call our decision tree a sample tree, because
it is used to schedule the sampling of an image.
Each node of the sample tree represents a set of
rt-templates (the node set), and a relative voxel lo-
cation (the node voxel). The root node set con-
tains a reference to every rt-template. Descendant
nodes partition their parent node set into two dis-
joint node sets, which are discriminated by the pres--
ence or absence of the parent node voxel. The node
sets of all descendant nodes is the subset of it~
templates which best matches the node voxels en-
countered along the path to that node. A leaf node
contains a small (possibly empty) node set, and no-
node voxel. :

For example, for parent node P with node set I, :
and relative voxel location Vp, all of the rt-templates :
referenced in the the TRUE child node set will con-
tain V3, and all of those referenced in the FALSE"

child node set will not. }
y

3.3 Sample Tree Construction l

The structure of a decision tree is primarily depen- '
dant upon which variable (in our case, which rela-
tive voxel) is interrogated at each tree node. Much
of the literature on decision tree classifiers is con-
cerned with methods of constructing trees which op-
timize certain properties, the most common objec-
tive being to minimize the expected traversal cost.

For even a modest number of classes, there are
a huge number of possible tree structures, so it is
infeasible to simply generate and compare all alter-



natives. There are construction methods which are
known to minimize the expected testing cost, such
- as dynamic programming. All truly optimal meth-
ods, however, are computationally expensive, and
have indeed been shown to be NP-complete [23].

Moret [24] has identified two classes of heuristic
. that are used in sub-optimal decision tree genera-
tion. In the information heuristic, a node variable
is chosen that maximizes the amount of additional
mformation that is gained at that stage along the
- path traversal. In the splitting heuristic, a variable
is chosen which divides the remaining class set into
2disjoint sets which are effectively discriminated by
the node variable.

We have employed a splitting heuristic which,
ab any node along the traversed path, samples the
point in space which is most likely to fall on the ob-
Ject. When constructing a tree node, this splitting
rule selects the voxel which belongs to the largest
number of rt-templates in the node set. This is sim-
- ilar to the heuristic used by Moret based upon vari-
able activity.

The effect of this rule is that the difference be-
tween the cardinality of the two child node sets will
be maximal, and the tree will be very unbalanced.
- This is contrary to most tree construction methods,
which attempt to minimize the expected traversal
cost by balancing the tree structure. A rational for
favouring an unbalanced structure is presented in
the following section.

34 Tree Traversal

Tree traversal proceeds by first selecting a surface-
valued image voxel, called the seed vozel. The loca-
tion of the seed voxel is the base which is used to
telate all tree voxels to the image voxel map frame.
If the image data were perfect, then a simple
depth-first traversal would arrive at the correct leaf
node most efficiently. As each node is visited, the
image voxel which is offset from the seed voxel by
the node voxel location is queried. If this voxel is
surface-valued data, then the traversal follows the
TRUE path. If not, then the traversal follows the
FALSE path.

- In practise, image noise, occlusions, and quan-
fization errors can cause a non-tentative search to
follow an incorrect path. We therefore allow some
imited backtracking to follow other likely paths, at
aslight efficiency cost. The termination condition
§ satisfied when either a predefined number of so-
itions has been generated, or a predefined number
f leafs has been visited.

The traversal is repeated for all possible image

seeds. Whenever a leaf node is reached, the rt-
templates contained in the leaf node set are stored,
along with the seed voxel location, for use in the
subsequent phase.

One way to interpret the tree traversal is as a
form of scheduled subtemplate matching, where at
each node the subtemplate consists of a single voxel.
Another interpretation is that each tree traversal
hypothesizes that the current seed voxel lies on the
object, and then sequentially interrogates the image
at locations relative to this seed to either support
or refute this hypothesis.

This interpretation lends the following rational
for the splitting rule used in tree construction: in
all except the simplest cases, the object of inter-
est will not monopolize the sensor’s field of view,
and the majority of image voxels will not fall on
the object. If the initial seed point does not fall on
the object, then as the path is followed, subsequent
queries will likely encounter nonsurface-valued vox-
els. Those nodes with the smallest sets will then
be followed, resulting in quick termination at a leaf.
The splitting rule therefore results in an unbalanced
tree structure so that traversal will terminate most
efficiently in the majority of cases.

4 Verification

4.1 Template Matching Metric

In phase 2, for every phase 1 solution we perform
a complete template match at the image voxel res-
olution. Each rt-template is translated so that it
is aligned with its associated seed voxel. A simple
correlation metric r is calculated by taking the ratio
of the number of coincident surface voxels and the
number of total rt-template voxels. If this measure
exceeds a threshold value, then the result is passed
to phase 3.

4.2 Closest Point Metric

In many cases, the highest ranked phase 2 solutions
are correct. Sometimes however, due to the coarse-
ness of the quantization, an incorrect solution may
have a higher correlation measure than a correct so-
lution. This will occur less frequently with a finer
discrete resolution, but too fine a resolution will
negate the benefits of quantization.

In phase 3, the phase 2 results are ranked by esti-
mating the values of the constraint functions at the
image data resolution. In preprocessing, two point
sets are generated by sampling the surfaces of M
at a coarse and fine resolution. These are called
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the coarse and fine surface samples. The constraint
function values are estimated by transforming the
coarse surface sample in turn to the pose value of
each phase 2 solution. For each point in the trans-
formed surface sample, the identity of and separa-
tion distance to the closest image point is calcu-
lated. The area of overlap is estimated by count-
ing the number of image points that are within a
specified threshold distance, which is approximately
equal to the voxel resolution. The volume of overlap
is estimated by averaging the separation distances.

The closest point metric is subsequently esti-
mated more accurately using the fine surface sample
for the top 10 ranked solutions from the coarse sur-
face sample estimate.

5 Experimental Results

The method has been implemented and tested on a
hand-carved duck object, which was chosen specif-
ically as it was free-form surface with no planes,
edges, or other obvious features. Executing on
a standard sequential computer (an SGI worksta-
tion with a MIPS R8000 CPU) the results compare
favourably to other known methods, with recogni-
tion often achieved in less than 20 seconds.

The object was positioned arbitrarily in scenes of
various degrees of clutter and occlusion. In some
cases, the object was partially occluded by other
objects, or partially outside of the sensor’s field of
view. Dense images were acquired using a laser
range scanner based on the autosynchronous scan-
ning method [25]. The scanner, which was mounted
on the end effector of a robotic manipulator, was
oriented at various angles and distances from the
table top environment. The particular range scan-
ner used was an early prototype which had fallen
into disuse, and so the images were noisier than is
achievable with current sensor versions.

Examples of three successful trials are illustrated
in Figures 3 to 5. For each trial the range image is
illustrated from the sensor’s vantage, and two views
are shown of the object superimposed onto the im-
age at the recognized pose. The timing results of
the various phases of these trials are tabulated in
Table 1. Also included are: the number of solutions
resultant from each phase; the phase 1 efficiency E
(the ratio of the number of brute-force template el-
ement comparisons and the number of comparisons
resulting from the tree traversal); the best phase
2 correlation measure r (as defined in Section 4);
and an estimate of the volume constraint V() (the
average closest point separation).

6 Summary

A novel object recognition method has been pre
sented, and early implementation results are ver
promising. Some of the benefits of this method are;

o efficiency: The method is fast. In exper
ments, the full 6 dimensional pose of objects
were determined in &~ 20 seconds. The time
complexity of the tree traversal phase is related
to the base 2 logarithm of the number of tem-
plates encoded in the tree.

e free-form surfaces: As there is no depen-
dance upon a feature extraction preprocessing
phase, the method is applicable to any shape
of rigid object, including free-form surfaces.

o fully automatic: The input to the offline pro-
cessing is either a CAD model or a cloud of
points which sample the surface of the object
and the tree generation is fully automatic, re-
quiring no user interaction other than the se&
lection of a handful of parameters at the offsef.

i

¢ scalable: The tree may be composed of a tem-
plate set derived from a number of objects. In-
creasing the number of objects has a less than
linear performance penalty on the tree traver-
sal phase. A practical limitation to the number
of objects simultaneously encoded into a single
tree is likely to be the storage requirements, a
the size of the tree increases exponentially with
the number of templates.

e parallelizable: The process can be executed
independantly accross seeds (seed parallelism)
or piped accross phases (phase parallelism).

e other sensing modes: The method can be
applied directly to 2D binary images (as in
OCR) or volumetric data (as in [16]).

The continuing research will focus on revisiting
some of the heuristics and algorithms used with the
goal of improving upon the overall reliablility and
efficiency of the method. It may be beneficial to
add a hashing phase following the hypothesis gener
ation phase, as in [18]. Additional tree construction
and traversal heuristics will be investigated, and ef
ficiency and reliability metrics will be thoroughly
evaluated.
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Figure 4: Image 2 : t = 14.0 seconds

Figure 5: Image 3 : t = 21.9 seconds

time (seconds) # of solutions
wmage | total | phase 1 | phase 2 | phase 8 | phase 1 | phase 2 E T V()
i 10.5 3.8 3.5 32 12660 78 17685 | 0.83 | 5.3e-5
2 14.0 3.8 3.9 6.3 14253 156 18022 | 0.94 | 1.6e-5
& 21.9 3.4 3.7 14.8 14024 335 17996 | 0.82 | 1.2¢e4

Table 1: Test Results
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