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ABSTRACT

Tracking of features in video sequences has many applications.
Conventionally, the minimum displaced frame difference (referred
to as DFD or residue) of a block of pixels is used as the crite-
rion for tracking in block-matching algorithms (BMA). However,
such a criterion often misses the true motion vectors, due to many
practical factors, e.g. affine warping, image noises, object occlu-
sion, lighting variation, and existence of multiple minimal DFD.
Our goal in this paper is to find motion vectors of the features for
object-based motion tracking, in which (1) any region of an ob-
ject contains a good number of blocks, whose motion vectors ex-
hibit certain consistency; (2) only true motion vectors for a few
blocks per region are needed. Hence, we propose a new track-
ing method: (1) At the outset, we disqualify some of the refer-
ence blocks which are considered to be unreliable to track. (2)
We adopt a multi-candidate pre-screening to provide some robust-
ness in selecting motion candidates. (3) Assuming the true motion
field is piecewise continuous, we determine the motion of a feature
block by consulting all its neighboring blocks’ directions. This al-
lows a chance that a singular and erroneous motion vector may be
corrected by its surrounding motion vectors (just like median fil-
tering). Our method is also designed for tracking more flexible
affine-type motions, such as rotation, zooming, sheering, etc. Fi-
nally, the performance improvement over other existing methods
is demonstrated.

1. INTRODUCTION

Tracking of features in video sequences has many useful ap-
plications in scene segmentation [3, 9], image analysis for secu-
rity purposes [5, 8], object-based video coding, video synthesis,
computer vision, etc. The minimum displaced frame difference
(DFD) of a block of pixels criterion are widely used in motion
compensated video coding, such as MPEG I and II. However, such
a conventional criterion often misses the true motion vectors, due
to many practical factors, e.g. affine warping, image noises, ob-
ject occlusion, lighting variation, and existence of multiple mini-
mal DFD [11, 12]. Our goal here is aimed at finding the true mo-
tion vectors of the features.

Just like BMA, a frame is segmented into blocks (8 � 8, 16�
16, etc.) in our scheme. Unlike BMA, not all of the blocks will be
tracked, since many of them do not contain sufficient prominent
features, making them reliable to track. For object-based coding
and segmentation applications, the major emphasis is not placed
on the number of feature blocks (FBs) to be tracked (i.e. quan-
tity) but on the reliability of the FBs we choose to track (i.e. qual-
ity). This means that we can afford to be more selective in our
choice of FBs. So a natural first step is to eliminate those unreli-
able or unnecessary FBs. For example, if a block does not contain
any prominent texture feature, then it is very likely to be confused

by its adjacent blocks due to image noise. It is advisable to ex-
clude such a FB from the pool of “valid” FBs, saving/improving
the tracking effort/result [1, 14]. To avoid tracking such homoge-
neous blocks, we must take into account the variance of the blocks.
If the block’s variance of intensity is small, the block is considered
to be low-confidence and will be disqualified. In other words, only
blocks with variance exceeding a certain threshold will be consid-
ered.

2. OUR FEATURE TRACKING METHOD

After the prominent FBs are properly identified, the main re-
sults of this paper lies in a new algorithm to determine the true mo-
tion vectors. It is well known that the conventional BMA which
outputs the motion vectors with the minimal residues might work
well for a residue-oriented encoder, such as MPEG I & II. How-
ever, one must recognize the fact that the true motion vector does
not always yield minimal residue. Likewise, the minimum residue
solution does not necessarily deliver the true motion vector. Fortu-
nately, this difficulty may be effectively circumvented by the fol-
lowing two practical observations:

1. The true motion vector, while not the absolute minimum,
is very likely one of the multiple minima, according to the
residue criterion. This observation leads to a multi-candidate
pre-screening so as to keep track of all possible true mo-
tions for every FB. This will be addressed in Section 2.1.

2. The true motion vector is the absolute minimum if cost cri-
terion can be modified properly. This leads to a neighbor-
hood relaxation score function, as discussed in Section 2.2.

2.1. Multi-Candidate Pre-screening
Recall that while the true motion vector may not be the abso-

lute minimum, we should at least make a finalist list among several
minima. Hence, a multi-candidate pre-screening becomes neces-
sary so that a more inclusive record on possible motion vectors
could be maintained, preventing (1) the true motion vector from
being eliminated, and (2) the wrong motion vectors from being ac-
cepted in the early phase.

At the outset, two kinds of thresholds can be used to qualify
or disqualify the candidates. One is called lower residue thresh-
old. As long as the residue is less than this threshold, the motion
vector will be automatically accepted as a possible candidate, cf.
Figure 1(a). In contrast, we also propose a so-called upper residue
threshold. If the residue exceeds this threshold, the motion vec-
tor will be automatically eliminated from the candidate pool, cf.
Figure 1(b).

After this initial stage, we now adopt a slightly more sophisti-
cated scheme to select the final candidates. Since we want to pro-
vide some robustness in selecting candidates, certain noise margin
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Figure 1: Multi-Candidate Pre-screening.

must be allowed so as to admit a proper number of possible can-
didates, cf. Figure 1(c). In order to maintain some kind statistical
consistency from blocks to blocks, we apply the same level of rel-
ative tolerance to all blocks. The motion vectors yielding no more
than 1.5 folds of the minimal residue will be admitted into the can-
didate pool, where about 90% of true motion vectors are kept.

2.2. Neighborhood Relaxation Score Function

In order not to lose the true motion vectors in the first place,
we use a multi-candidate pre-screening to record all the possible
motions of every FB. On the other hand, this raises another ques-
tion: “how to decide which one of them is the most likely true
motion vector?”

Imposing Neighborhood Sensitivity Into Cost Function
It is observed that true motion field are piecewise continuous [1,
2, 4, 6, 10, 11, 13, 14, 15]. In a video sequence, the pixels of the
same moving object are expected to move in a consistent way. As-
suming translational motion only, the blocks associated with the
same object should share exactly the same motion. At least there
should be a good degree of motion similarities between the neigh-
boring blocks. Therefore, the motion vector can be more robustly
estimated if the global motion trend of an entire neighborhood is
considered, as opposed to that of one feature block itself [6, 10].
This enhances the chance that a singular and erroneous motion
vector may be corrected by its surrounding motion vectors [15].
For example, assume that there is an object moving in certain di-
rection and a tracker fails to track its central block due to noise,
but successfully track the boundary blocks. With neighborhood-
sensitivity, the true motion of the central block could be recovered.

Therefore, instead of considering each feature block individ-
ually, we determine the motion of a feature block (say, Bi�j ) by
moving all its neighboring blocks (N �Bi�j�) with it in the same
direction. A score function is introduced as the following [14]:

score�Bi�j � �v� � DFD�Bi�j � �v�

�
X

Bk�l�N �Bi�j�

�W �Bk�l� Bi�j��DFD�Bk�l� �v�� (1)

� image force (external energy)

� constraint forces (internal energy)

where W �Bk�l�Bi�j� is the weighting function which will be ex-
plained momentarily. The final solution can be obtained by finding
the minimizing motion vector

motion of block�i� j� � arg �min
�v

score�Bi�j � �v��

where�v should be one of the possible candidates which are recorded
by the multi-candidate pre-screening.

The central block’s residue in the score function is called im-
age force which is similar to the external energy function of SNAKE
[7]. On the other hand, the neighbors’ residue in the score function
is called constraint forces which reflect the influence of neighbors,
corresponding to the internal energy function of SNAKE.

In Equation (1), not all the neighboring blocks have the same
weighting factors. In fact, they can be made to be dependent on
several factors, such as the distance to the central block, the confi-
dence of the blocks, the color/texture similarity between Bi�j and
Bk�l, etc. In terms of the distance, the weighting function could be
a Gaussian-like function which puts higher emphasis in the central
area. In terms of the confidence, it is practical to have low con-
fidence blocks guided by their higher confidence neighbors [1].
In general, the larger variance a block has, the more confidence
of feature tracking on that block. (An obvious example is that
homogeneous blocks would not yield a high confidence.) There-
fore, the weighting function must take into account the block vari-
ance. In addition, because different objects usually have different
color/texture characteristics, we set W �Bk�l�Bi�j� to be propor-
tional to the color/texture similarity between Bi�j and Bk�l , so as
to reduce the weights of the neighborhoods which contain differ-
ent objects.

Neighborhood Relaxation for Non-Translational Motion
The above approach will be inadequate for non-translational mo-
tion, such as object rotating, zooming, and approaching [12]. For
example, in Figure 2(b), assume an object is rotating counterclock-
wise. Because the Equation (1) assumes the neighboring blocks
will move in the same translational motion, it may not adequately
model the rotational motion. Since the neighboring blocks may
not have uniform motion vectors, a neighborhood relaxation for-
mulation is needed:

score�Bi�j � �v� � DFD�Bi�j � �v� �X

Bk�l�N �Bi�j�

�W �Bk�l�Bi�j��min
��

DFD�Bk�l� �v����� (2)

where a small �� is incorporated to allow some local variations of
motion vectors among neighboring blocks. Again, the motion vec-
tor is obtained as

motion of block�i� j� � arg �min
�v

score�Bi�j� �v��

As shown in Figure 2, the variation afforded to every block can be
used to fine-tune the motions to accommodate the non-translational
effect. This in principle can track more flexible affine-type mo-
tions, such as rotating, zooming, sheering, etc.
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Figure 2: (a) Neighborhood relaxation will consider the global trend in object motion as well as provide some flexibility to accommodate
non-translational motion. Local variations �� among neighboring blocks, cf. Equation (2), are included in order to accommodate other (i.e.
non-translational) affine motions such as (b) rotation, and (c) zooming/approaching.

2.3. Neighborhood Relaxation Algorithm with Multi-Candidate
Pre-screening

The multi-candidate pre-screening must be applied before the
minimization of the score function so that the minimal solution
will be selected only from a restricted set of candidate solutions.
The reasons for doing so are two fold: One obvious reason is to
achieve computational saving by reducing the search space. More
importantly, the second reason is due to an observation originally
made by Anandan [1]: If there are discontinuities in the motion
fields, such as those at the boundaries of different moving objects,
then the neighborhood-sensitive score function might not yield a
true motion vector. This can be explained as below. Recall that
the validity of the neighborhood-sensitive score function is based
on the smoothness of the motion fields. If there exist discontinu-
ities, however, then there may be risk that some neighbors belong-
ing to an alien object may have undue influence toward the selec-
tion of the final solution (since the neighbor’s residues are part
of the score function). Therefore, the score function could yield
an apparently impossible motion vector, if the search space is al-
lowed to expand all the vector space. This is especially vulnera-
ble for the FBs which lie close to object boundaries. The multi-
candidate pre-screening stage serves the purpose of reducing such
a risk, since the central block retains some control over the final
solution.

3. EXPERIMENT RESULTS

Figure 3 shows our simulation results with two consecutive
frames, (a) & (b), and the corresponding blocks tracked by our
method, (c) & (d). The performance comparison with other track-
ers is illustrated in Figure 4. Figure 4(b) shows that the conven-
tional full-search block-matching algorithm is obviously poorest,
with spurious vectors scattered around in homogeneous regions.
Significant improvement is observed (Figure 4(c)) by applying a
minimum threshold on variance to trim down the unreliable blocks.
However, there are still noticeable tracking errors on the object
boundaries (e.g. above and below the left-book). Figure 4(d) shows
the result by our approach. The neighborhood relaxation has clearly
helped regularize the motions of the block in the same region, e.g.
the lower-left corner. The multi-candidate pre-screening has suc-
ceeded in eliminating many wrong motion vectors. Still, we have
observed minor tracking errors on points along a long edge (e.g.
below the left-book). A possible solution (currently under our study)
is to adopt Anandan’s scheme [1], in which the confidence (in W ���
of Equation 2) takes into account the cross-correlation between

vertical/horizontal components of (1) the motion vector and (2)
image features. Its purpose is that the motion of a block which has
low confidence in vertical movement can be guided by its neigh-
bors which has higher confidence in vertical movement.

The tracked results could subsequently used for motion-based
scene segmentation. An algorithm based on the principal compo-
nent coordinate transformation on the feature track matrix (formed
by the tracked FBs) can be applied for separating image layers or
moving objects [9]. As shown in Figure 5, (a) our tracker captures
the true motion vectors. (b) Feature blocks with different object-
based motions tend to form separate clusters on the principal com-
ponent space. (c) The frame can thus be divided into different lay-
ers (segments) characterized by a consistent motion. Finally, (d) a
fairly accurate motion-compensated frame can be obtained.
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Figure 3: (a) and (b) show 2 consecutive frames of 2 rotating
books amid a panning background, (c) and (d) show the tracked
FBs by our approach.
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Figure 4: (a) shows the true motion field corresponding to Fig-
ure 3. (b) the motion vectors by conventional full-search block-
matching algorithms. (c) the motion vectors by conventional BMA
with variance threshold applied. (d) the motion vectors by our ap-
proach.
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