Xun Li

Abstract

The objective of this paper is to develop a robust
' solution to the correspondence problem in model-based
motion tracking even when the frame-to-frame motion
18 relatively fast. A new approach called Model-Guided
Grouping, which is used to derive intermediate-level
structures as our matching tokens, is introduced. The
groupings are guided and derived locally, with the con-
lemporary use of model structures, around the pre-
dicted model during the object tracking. We choose
Junctions and parallel pairs as our matching tokens,
thus the information coded in these structures is rel-
olwely invariant in consecutive frames. The match-
ing strategy is coarse-to-fine, and partial matching
will also be allowed when occlusions are present.
The method for evaluation of probability of acciden-
tal match based on junction groupings will be dis-
cussed. Systematic testing shows that matches based
on these new methods improve correspondence relia-
bility by about an order of magnitude over previous
methods based on matching individual line segments.

Introduction

A model-based motion tracking system consists of
three major parts: segmentation, correspondence and
Viewpoint verification. Most previous approaches to
lving the correspondence problem have used lower-
Vel primitives such as points [12] and lines [14, 6]
their matching tokens. In this Paper, we propose
ew approach called model-guided grouping, which
used to derive intermediate-level structures as our

hing tokens. The term model-guided comes from
¢ fact that the groupings are guided and derived lo-
y, with the contemporary use of model structures,
around the predicted model during the object track-
ng. We choose junctions and parallel pairs as our
nafching tokens, thus the information coded in these
tructures is relatively invariant in consecutive frames.
Once the matching tokens have been derived, the
oblem to be considered is the pairing by the cor-
process of tokens in one frame with to-
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Figure 1: The framework of our motion tracking sys-

tem. Model-Guided Groupings are incorporated as
our matching tokens.

ric, termed Correspondence Strength [13]. We will dis-
cuss how to formulate the measure of correspondence
strength based on model-guided groupings.

Correspondence is performed locally, with a coarse-
to-fine strategy. Partial matching will also be allowed
when occlusions are present or features fail to be de-
tected for some other reason. Global matching is
verified by viewpoint consistency, which is based on
Lowe’s iterative method [7].

Comparisons are made between the current system
and Lowe’s previous one that used only line-to-line
matching. The results show that with a slight in-
crease in computational cost, the use of the higher-
level groupings as matching tokens leads to a much
more robust model-based motion tracking system.
1.1 Motivation

The robustness of the correspondence process is
essential in any motion tracking system. Previous

Vision Interface '92

125



correspondence algorithms using line segments as the
matching token are robust only when motion is very
slow. If motion is relatively fast, the system fails
due to an inevitable problem: selection from multi-
ple matches — a token being tracked may find multiple
matches in the current frame around the predicted re-
gion, especially when there are several scene tokens
which are close to each other.

Two important issues concerning motion correspon-
dence algorithms will be discussed:

1. What kind of tokens will be used in our matching
process? How to derive these tokens?

9. How should correspondence strength of these to-
kens be measured?

In recent years, the use of perceptual organiza-
tion has drawn great attention in the machine vision
community. Inspired by the human capability of vi-
sual perception, our approach is to incorporate per-
ceptual groupings — intermediate-level structures as
the matching tokens. Unlike most perceptual group-
ing processes, model-guided grouping is used to derive
perceptual groupings with the contemporary use of the
model structures; therefore it can be computed much
more efficiently. The correspondence is performed be-
tween intermediate-level structures from model and
image pairings. Figure 1 illustrates the framework of
our matching system.

2 Related Work

An early system for model-based motion tracking
was studied by Gennery [2]. He combined a prediction
and a matching process to adjust parameters. The
prediction of the object position and orientation for
the current frame is taken by extrapolating from the
previously data. Matching is performed by searching
nearest image edges to the predicted model line, ifit is
within five pixels. He also proposed a more elaborate
method which varies the extent of searching according
to the accuracy of the predicted data.

Two correspondence algorithms are described in
Verghese’s [12] work: hypothesize-and-test and dy-
namic edge tracking. From a set of slightly different
viewpoints, the hypothesize-and-test algorithm uses
the previous camera parameters to hypothesize model
projections which are cross-correlated with edges de-
tected in the latest image. The results of cross-
correlation are used to select the best match and to
update the camera parameters. The second algorithm
is divided into two problems: dynamic edge track-
ing and model-based segment tracking. Dynamic edge
tracking is performed in a 3x3 neighbor around each
model edge point; model-based segment tracking uses
an adaptation of Lowe’s viewpoint solution algorithm.
They assume that the motion is very slow — the aver-
age motion displacement is 1 pixel per frame.

3 Model-Guided Grouping

In order to focus the search space, all the grouping
and matching processes are focused within the local
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Figure 2: (a) Local Focus Window is an extended
bound around the superimposed model edges. (:)ﬁ i
Compatible image edges are selected after passing

the unary constraints.

focus window — an extended boundary around super- -
imposed model edges (Figure 2). The set of potentially -
matching image segments is obtained by applying con--
straints on the length, angle and distance of each im-
age edge from the model prediction. The range of each |
constraint can be obtained from the covariance matrix
of model parameters during motion tracking [6]. For-
the purpose of testing the role of grouping in the cor-
respondence process, we have used fixed thresholds on
each constraint as described later. ’

3.1 Indexing Line Segments ,

Attempts to reduce the computational complex-
ity for detecting neighborhood relations between seg:
ments has been inspired by the methods in computa-.
tional geometry — partition the whole image into buck-"
ets [1].The overall image is partitioned mnto m X m
squared windows, and to each window is attached a
bucket - a list of segments according to their endpomnts -
or middle points.

3.2 Model-Guided Grouping

Two line segments are identified as “potentially
connected” if they satisfy the following constraints:

Figure 3: T junctions are examined for potentiallyf'
connected constraints. 3

1. their gap is small — less than a certain distance,
(say 12 pixels),
2. they are not T junctions.

By T junction we mean that for two line segments:
the gap between their endpoints is less than a thresh-
old and the intersection point is inside one of the seg-"
ments (Figure 3) with / longer than a certain threshold
(say 5 pixels). 1



3.2.1 Model-Guided Junction Grouping

An ideal junction is a set of lines terminating at a
common point. In real images however, the lines rarely
terminate exactly at the same point due to noise or
 algorithms for constructing the line segments. Instead
~ they terminate at a “small common region” (Figure 4).

T

ey

Figure 4: In a real image, lines terminate at a small
common region.

We propose the concept of pseudo-cotermination
. point (pcp), which is defined as follows: given a set of
lines (more than two), the point which minimizes the
sum of squares of perpendicular distance to each line
is called the pseudo-cotermination point. A Jjunction
. can be formed in the real image by judging the maxi-
mum distance from the pep to all the line segements
considered [3].

Given a 3D polyhedral model, we present a method
for extracting junctions which are compatible with the
- model junctions. Model junctions should be first ex-
tracted, and sorted according to the counter-clockwise
orientation of their edges. With extracted model edges
for each vertex, we first search all compatible edges as-
sociated with each model edge. By compatibility we
mean that image edges should pass all the unary con-
straints. The search region is bounded by a circle with

tadius r centering around each model vertex.
. Two directions can be followed to form the junc-
tions from all combinations:

- 1. based on pcp: compute the peps for all the junc-
tion combinations;

2. based on endpoint proximity: examine all adja-
cent pairs of potentially connected segments.

Our implementation follows the latter one, and test
‘tesults give satisfactory formation and efficiency.

322 Model-Guided Parallel Grouping

similar way to the model-guided junction grouping.
Salient paralle]l model pairs should be indexed frst.
hen we search all the compatible image edges asso-

ed with each salient parallel model edge. Salient
atallel groupings are formed between compatible im-
age edges associated with salient parallel model edges.

323 Model-Guided Collinearity Grouping

Iftwo line segments are both compatible with the same
model edge, they can be merged into one segment if

they are collinear.

4 Matching
Groupings
Lowe’s previous line-to-line matching system will

be reviewed, then we will explain how to extend the
matching problem from line tokens to grouping tokens.

4.1 Probability Ranking of Accidental
Match for Single Line Segment

All potentially matched image segments, which
satisfy three unary constrains, are identified locally
around the predicted model edge position. Under
the assumption that incorrect matches will be uni-
formly distributed in terms of position, orientation
and scale, Lowe [5] formulates the expected number
of lines within the given separation and angular dif-
ference:

4D0s

— (1

Here, 6 is the orientation difference, m is the length
of the matched segment, D is a measure of the back-
ground density of similar features, and s is the perpen-
dicular distance from the center of the matched image
segment to the predicted segment.

with Model-Guided

FE =

To verify a predicted model feature, the correspon-
dence strengths are ranked by the inverse probabilities
of accidental agreement for all potentially matched im-
age segments:

z ©)
1+F
4.2 Evaluation of Probability of Acciden-
tal Match with Model-Guided Junc-
tion Groupings

The goal of a vision system is to minimize the
probability of making incorrect interpretations. All
the matching algorithms face ambiguities from the in-
put low-level features, due to noise from camera input
as well as the imperfect output from the lower-level
segmentation. Model-guided grouping can reduce the
ambiguities by making full use of local consistent in-
terpretation from image data.

Taking model-guided junctions as our matching to-
kens, our evaluation of the probability of accidental
match makes use of the following considerations:

p:

1. The probability should reflect the proximity and
similarity rules.

2. The probability of accidental agreement should
decrease when the number of compatible con-
stituents in a junction increases. For example:
suppose that a junction of a model consists of
three edges. Then, a detected image junction
compatible with three line segments would have a
lower probability of accidental match than a de-
tected image junction compatible with two line
segments.

3. When occlusion is present, partial matching
among grouped junction segments should be al-
lowed. Thus the evaluation should be flexible
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Figure 5: Improper matches arise due to spurious data
or inconsistent local structures. Thick lines are pre-
dicted model edges, thin lines are image edges. Ambi-
guities can be reduced by using groupings. ?a) Correct
matches should be between a,b,c and «, 8,7, instead
of local best matches between a,c and a’,¢’. (b) Cor-
rect matches should be between a,b and «, 8 instead
of local best match between b and a.

with respect to the number of segments. For ex-
ample, suppose that a model junction consists of
three edges, yet the maximum number of compat-
ible image segments is two. This match should
also be accepted.

4. If no junction groupings are present, this system
should work at least as well as Lowe’s original
line-to-line original matching.

Following examination of these principles, we eval-
uate the accidental probability of the grouped feature
as the product of each individual line-to-line acciden-
tal matching (2). Suppose that the number of com-
patible image segments is  with n model junction
edges (1 < m < n), and the probability of these m
compatible image edges which can form a junction is
P(J). Each individual probability of accidental match
is P;. Making use of an assumption of conditional in-
dependence of the feature probabilities and Bayesian
inference, the overall probability for accidental match,
P(A), between an image junction with m segments and
a model junction with n edges is:

P(A%J) = P)P(A) = P[P (3

Since an image junction is derived with the known
model structure, we assume that P(J) is very close to
1. Thus equation 3 can be simplified as:

p(ak]) =] P (4)

The inverse probabilities for accidental match will
be ranked for all compatible candidate edges (both
for groupings and single line segments), and dupli-
cated ranked ones will be removed. Generally, the
highest ranked ones are the complex junction group-
ings, while lowest ranked ones are single line segments.
Top ranked ones are regarded as the matches and will
be used to update the viewpoint.

4.3 Matching Strategy

Initial matching is performed around each model
vertex where the area for searching compatible candi-
date tokens is bounded by a circle (Figure 6-c) with
radius of r. Top matches are selected to update the
viewpoint. Next, viewpoint estimation is performed,
and the model structure is updated (Figure 6-d). Dur-
ing each iteration, searching for compatible candidate
tokens is bounded by a shrinking circle with radius of
¢’ (' < 7). Matching refinement is repeated until the
agreement between model structures and image edges
is close enough (Figure 6-f).

5 Implementation Results

Testing was performed on a SUN SPARC II among
three images which were captured from different view-
points. Comparisons were made with Lowe’s line-to-
line matching.

All the edges in the three images were extracted
by marking zero-crossings [8] that are then linked to-
gether. Recursive contour splitting is applied for all
the linked edges. Finally, accurate line segments are
formed by least-square-fitting [3] (Figure 6).

5.1 Comparisons with Line-to-Line

Matching

The computation time for model-guided junction
matching was measured to be slightly more than dou-
ble the time for the use of single line segment.

The robustness of the system was tested in the
following two cases: 1) translation only, 2) combi-
nation of translation and rotation. With the known
viewpoint for each image, we translate and rotate the
model to a new position and determine the number
of errors in matching from this position. The results
are reported in Tables 1 and 2. For these tests, the
thresholds for search range of line matching were set
to an angle range of 30 degrees, and a length ratio n
the range [0.25, 1.25].

Percent Error (Translation only)

Image | . j ! :
Line-to-Line | Junction Groupings
1 33.7 0.0
47.3 3.0
3 37.9 0.6

Table 1: Comparisons of error rates for matching
based on junction groupings versus the previous line-
to-line matching. The error rate is seen to greatly de-
crease with the use of junction groupings. This table
reports results for only translational motion in 3-D.

The implementation results show that for trans-
lational motions, almost all correspondences are cor-
rectly established by using junction groupings. If the
translation amount is not large enough to move the
junctions out of the searching region, all the matching
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Percent Error (Translation+Rotation)
Image : .
Line-to-Line Junction Groupings
1 43.9 3.2
48.6 5.7
47.3 4.0

Table 2: Comparisons between junction-based and
line-to-line matching. The model has been displaced
by both 3-D translation and rotation.

can be correctly established with the use of model-
guided junction groupings. We found however, based
on “best” match selection, line-to-line matching failed
due to inconsistency with local structures.

The tests for both translation and rotation are mea-
sured in two steps. We first translate the model in four
directions to the adjacent 169 positions. At each posi-
tion, we rotate the model in 8 different directions, up
15 degrees. The success rates with the use of groupings
for all three images, are all over 94 percent. Failure
has been identified if the junctions in the image fall
outside of the searching region.

6 Conclusions and Future Directions

The goal of our system is to minimize the prob-
ability of making incorrect interpretations. The use
of model-guided groupings that we have presented as-
signs a central role to perceptual grouping as a way of
reducing the ambiguities during the matching process
in motion tracking. Most incorrect local matching, as
- shown from line-to-line matching, can be eliminated
through the use of the inherent contextual informa-
tion formed from these groupings.

6.1 Conclusions

As the results show in section 5.1, we found that
the use of junction grouping greatly improves the sys-
tem performance. We also found that the model-
guided junction groupings with three line segments are
seldomly incorrectly matched, although the junctions
with two line segments will more often find incorrect
matching candidates. However, they could be elimi-
nated through the ranking system. Since the final set
of correspondences will be greatly overdetermined, the
correct interpretation can still be reliably made even
in the presence of some missing features.

Lowe’s original line-to-line matching can success-
fully track slow motion. In our implementation, larger
frame-to-frame motion information, with a displace-
ment up to 30 pixels, can be reliably recovered.

Since the metric of evaluation of probabilities for
different model-guided groupings are different, the op-
timal integration through the probability ranking is
still unknown. As the authors noticed, the correct
integration should not be performed from a simple
weighting scheme. Instead, we should examine the
local interpretation of matched parallel pairs.

Vision Interface '92

For model-guided junction grouping, the running
time for each iteration during the matching is only
slightly more than double the time in comparison with
line-to-line matching,.

6.2 Future Directions

Current grouping is based on geometrical informa-
tion only. We could group features based on other
information such as intensity or contrast across a line
segment or gradient information. The current system
Is constrained by the use of line segments only. Pro-
vided the additional complexity of the segmentation is
acceptable, the constraint can be removed by adding
other features such as circular arc segments or general
curve fragments.
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