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Abstract v

Visual tracking is very important for many appli-
cations in computer vision, such as traffic control,
intelligent surveillance, industry automation, human
computer interaction, etc. In this paper, we propose
a hierarchical framework for estimating displacement
vectors at feature points with the coarse-to-fine block
matching method. Feature points are chosen to be the
image locations having large curvature, i.e., the cor-
ners. First, we calculate the pyramid for each im-
age. At the toppest layer of the pyramid, corners
and their displacement vectors are estimated with the
block matching method. These displacement vectors
are used to predict and narrow down the search region
of the following lower layer of the pyramid. Early
Jump-out technique is also used to enhance the effi-
ciency of block matching. Reliable displacement fields
are obtained efficiently at the lowest layer of the image
pyramid.

1 Introduction

Visual tracking is very important for many applica-
tions in computer vision, such as traffic control, intel-
ligent surveillance, industry automation, human com-
puter interaction, etc. Useful information including
3D motion parameters and scene geometry can also
be obtained by tracking moving objects in an image
sequence.

There are three major approaches for tracking: dif-
ferential methods (optical low estimation), phase cor-
relation methods, and block matching methods. Com-
putation of optical flow field by differential methods
[4, 6] is sensitive to noise and needs careful design
of filter to remove unreliable flow vectors. The other
drawback of this type of methods is that they can
only achieve short-term optical flow. Phase correla-
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-tion methods utilize the discrete Fourier transform to

obtain the phase information. Displacement field can
be estimated by phase correlation. These methods
are also very sensitive to noise because noise will con-
taminate high frequency component, thus reduce the
accuracy of the estimated displacement. field. Block
matching methods produce more reliable displace-
ment fields, but they are very tlme—consummg This °
kind of methods will be more attractive if some accel-
erator, such as the early jump-out (EJO) technique or
the hierarchical method proposed in this paper, can
be used to improve the efficiency.

The displacement vectors are more accurate at
salient feature points because these points contain
more information due to their larger intensity varia-
tion. Although features such as edges and lines areim-
portant visual information, they may suffer the aper-
ture problem because the image patch belongmg to a
straight edge is similar to others along the edge di-
rection. Corners at the intersection of edges will not
suffer the aperture problem because the image patch
at the corner is different from others along the edge
direction. In this paper, we use a fast curvature es-
timation method proposed by Cooper et al. [3] to
detect corners, and compute the displacement vectors
only at these corner feature pomts

This paper proposes a feature-based displacement
field estimator with coarse-to-fine EJO block match-
ing, to meet the requirements of efficiency and reliabil-
ity. First, a pyramid is-calculated for each image. At
the toppest layer of the pyramid, corner features are
detected at the position with large curvature along the
edge. Then the coarse displacement vectors at these
corner points are estimated with an adaptive EJO
block matching. The displacement vectors estimated
at corner feature points are more accurate because
corners contain rich information on intensity images.
The displacement vectors are refined at the following
lower layer of the pyramid by using the coarse dis-
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-~ placement, vectors obtained from the upper layer to
predict and restrict the search area. Experimental re-

sults show that reliable displacement vectors can be
obtained at the rate of about 3 frames per second us- .

ing Sparc 20 without optimization.

We will briefly review some approaches of tracking
with block matching methods in section 2. Creation
of image pyramid, corner detection, and coarse-to-fine
searching are described in section 3. Some experimen-
tal results and comparisons are shown in section 4. Fi-
nally, we will give some brief conclusions in section 5.

2 Tracking with Block Matching

The simplest block matching is to find the cor-
responding pair of pixels that minimize the sum
of square differences of the two image blocks cen-
tered at the two corresponding pixels. Early in
1972, Barnea and Silverman [1] introduced a class
of sequential similarity detection algorithms for ex-
pediting the similarity detection between two struc-
tured data sets. Their contribution was to propose
a monotonically-increasing threshold sequence algo-
rithm where a threshold sequence could be defined
such that if, at any accumulation stage in the compu-
tation of the mean square error or the mean absolute
error, the partial result was greater than the corre-
sponding threshold in the sequence, one could jump
out of the similarity test. Recently, Cooper et al. ap-
plied this sequential algorithm to the dissimilarity test
in corner detection, and called it the Early Jump-Out
technique [3].

Tsao et al. [7] have used some training methods
to learn the EJO threshold sequence before tracking.
Huang et al. [5] recently proposed an adaptive early
jump-out algorithm to learn the threshold sequence
on-line. This adaptive technique can be embedded
into almost all the existing block matching algorithms
of motion estimation and can speedup the computa-
tion further. This technique has been used in video
coding to greatly reduce the computational cost of
motion estimation with little degradation on video
quality. :

3 Hierarchical Feature-Based Dis-
placement Field Estimation

This section describes the hierarchical framework
of the coarse-to-fine block matching at corner points.
Consider Figure 1. First, we create a pyramid for each
image. Then a fast corner detection algorithm is ap-
plied on the top layer of the image pyramid. Initial
displacement vectors at these corners are estimated
with an adaptive EJO block matching. More accurate
displacement vectors are estimated with local search-
ing by using the initial displacement vectors obtained
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Figure 1: Tllustration of the hierarchical block match-
ing method. '

from the upper layer of the image,p'yramid.

3.1 Image Pyramid Creation

Arn image pyramid is a group of images whose size
and resolutions are decreased at a regular step be-
tween neighboring levels. In this work, a pyfamid is
created for each image in an image sequence. The
original image is copied to the bottom layer of the
pyramid. The image of successively upward level is
obtained by smoothing and sampling every other pixel
of the lower level image. Let pixel (r,c) € I;, The in-
tensity I;—1(5, §) at level I — 1 can be calculated by:

Ii—l("g': '%) = i( II(T',C) + I[(T‘ + 1,C)+ .
Li(r,e+1) + Ii(r+ 1,c+ 1))

Once the image pyramid is created, the size of
matching block B;_; and search region S;; at layer
I — 1 can be determined by the following equation:

Bl+1b

Bl_lz 2 | 1
S +1
sl_lz’—2— | 1

which | is the bitwise logical OR. operator.

The reason of using the above formula for calcu-
lating B;_; and S;—; is to meet the following two re-
quirements. First, the decreasing factor of image size
is % Second, the size of image block and search region
must be odd number for symmetry. Table 1 gives two
examples which illustrate the decrease of the image
size, image block size, and search area for a pyramid
with four levels.



example 1
level | image size | block size | search area
1 64 3 3
2 128 5 3
3 256 7 5
4 512 11 9
example 2
level | image size | block size | search area
1 ] . 64 5 5
2 128 9 7
3 256 15 13
4 512 27 23

Table 1: Two examples illustrate the relation between
the image size, block size, and search. area for a pyra-
mid with four levels. In example 1, the size of image
block, By, at level 4 is 11; search area, S, is 9. In
example 2, By is 27 and Sy is 23. Computational time
of block matching is significantly reduced because of
the large decreasing rate. ’

3.2 Corner Detection

Salient image feature point contains more informa-
tion because of larger intensity variation. This leads
to better reliability of displacement vector estimation
"at salient point. In this work, a fast method proposed
by Cooper et al. [3] is used to detect the corner po-
sition. First, Sobel operator is applied to the image
to estimate edge magnitude and orientation. Curva-
ture of each point on the edge is calculated according
to the orientation of each point along the edge. Cor-
ner position is reported if both the edge magnitude
and the edge curvature are larger than corresponding
thresholds. These two thresholds control the amount
of corner points. Sometimes there are multiple re-
sponses in the neighborhood of corner points. We use
an additional suppression algorithm to eliminate all
the feature points except the most salient one within
its suppression region.

3.3 Coarse-to-Fine Searching

On the top layer of image pyramid, the coarse dis-
placement vectors at the corner points are estimated
by using the adaptive EJO block matching within a
preset search region as shown in table 1. Coarse dis-
placement vectors obtained in the upper layer are used
as an image prediction in the next lower layer. Re-
finement is achieved by using local search within a
3x3 area centered at the predicted displacement vec-
tor. Let the area of original search region at the bot-
tom layer be S? and local search area is 3x3, the total
search area of coarse-to-fine search with [ pyramid
layer is reduced from S? to:
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(%)2+9x(z-1)

When pyramid lgzvel l is 3, the search area is re-
duced from 52 to &= + 18.

4 Experimental Results

This section presents some experimental results
obtained by using the coarse-to-fine block matching
methods. The experiments are executed on a Sparc
20 workstation. In the first image sequence as shown

- in Figure 5(e), there is a CocaCold can moving from

right to left on a conveyor belt in a static environ-
ment. The image pyramid is created, as shown in
Figures 5(a)-5(d). At the toppest layer of the pyra-
mid (see Figure 5(a)), corner features are detected and
marked by black boxes. Displacement vectors are es-
timated at these corners via block matching in a small
search region. Only nonzero displacement vectors are
drawn in this figure. These displacement vectors are
used to predict and narrow down the search region to
3x3 at the lower (finer) layer of the image pyramid.
By repeating this process, we can get the desired dis-
placement field at the bottom layer of the pyramid as
shown from Figures 5(b) to 5(d).

The image size of the first image sequence is 512
by 512. Table 2 shows the average computation time
for corner detection and displacement field estima-

‘tion with and without the hierarchical coarse-to-fine

method. In this experiment, we use 7x7 matching -

_ block and 19x19 search area. The pyramid level of

the hierarchical method is 3 and the local search area,
is 3x3. We can see that our hierarchical coarse-to-fine

" method is about 44 times faster.

The other two well-know image sequences are ac-
quired from the FTP site at the university of Western
Ontario, Canada. The first one, as shown in Fig-
ure 6, contains a plate rotating counterclockwise with
a cubic on top of it. The surface of the plate has no
feature point at all. Hence no motion is detectable
in this region. On the other hand, both the side of
the plate and the cubic contain many feature points.
Displacement. vectors can be estimated accurately on
these points.

Figure 7 shows another image sequence in which
there are three moving cars: the white taxi turning
right around the street corner, the black sedan at the
left side of the road moving rightward, and the truck
at the right side of the road moving leftward. The
black sedan at the left side is not detected because its
color is too. similar to the the color of the road. -

To compare the efficiency of the three displacement
field estimation algorithms: hierarchical algorithm,
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| method | corner detection | motion estimation [ total |
with hierarchical 0.192 sec 0.1425 sec 0.3345 sec
without hierarchical 0.903 sec 13.96775 sec 14.87075 sec

Table 2: The average computation time for corner detection and motion estimation with and without the
hierarchical coarse-to-fine method. The hierarchical coarse-to-fine method is about 44 times faster.

adaptive EJO .algorithm, and hierarchical+adaptive
EJO, we synthesize a sequence of seven images with
five moving blocks having graylevel values of 80, 120,
160, 200, and 250. In Figure 3, we use matching
blocks of different sizes, ranging from 3x3 to 29x29,
to test these three algorithms. The image pyramid
level is 3. The increase of computation time for the
adaptive EJO algorithm is large. When the size of
matching block is smaller than seven, the computa-
tion time of the hierarchical algorithm, with or with-
out adaptive EJO, decreases as the size of matching
block increases. From Table 1, we can see that when
the pyramid level.is 3, the most efficienct estimation
is achieved when the block size is.equal to or larger
than 7. When the size of matching block is larger-than
7, the computation time increases very slowly, espe-
cially when using the hierarchical method together
with adaptive EJO algorithm. v

In Figure 4, we.use different search area sizes rang-
ing from 3x3 to 29x29. We can obtain similar re-
sult. From Figure 3 and Figure 4, the computation
time of the hierarchical method increase slower when
the search area increases than when the block size
increases. This agrees with our intuition that the hi-
erarchical method is especially useful when the search
area is larger, i.e., the motion of object in images is
larger.

5 Conclusions and Discussions

In this paper, a hierarchical block matching
method for feature-based displacement field estima-
tion is developed to estimate the displacement vectors
between two consecutive images efficiently and accu-
rately. Reliability is achieved because corner points
are rich of information and the block matching results
at the corners are more accurate. We check the curva-
ture along the edge to detect corner points. Efficiency
is achieved by using the adaptive EJO technique and
the hierarchical framework.

We have used averaging smoothing for image pyra-
mid creation in this paper. The Gaussian pyramid
maybe more suitable but requires more computation.
By using the coarse-to-fine technique to narrow down
the search area, we can reduce the computation time
tremendously. However, if the coarse matching re-
sult is wrong, there is no way to get the correct dis-
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Figure 2: A synthesized image with five moving
blocks.
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Figure 3: The computation time for the three algo-
rithms: hierarchical algorithm, adaptive EJO algo-
rithm, and hierarchical with adaptive EJO algorithm.
The vertical axis is the total computational time of
the displacement field estimation over seven images.
The horizontal axis is the size of matching block.
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Figuré 4: The computation time for the ‘thrveéralgov—vv
rithms: hierarchical algorithm, adaptive EJO algo-

rithm, and hierarchical with adaptive EJO "algo‘nthm

The vertical axis is the total computational time- of_"
the displacement ﬁeld estimation over soven images:

The honzontal axis is- th}eﬂs1ze of search area.

,placement vector at the ﬁner matchlng, which uses
the prediction obtains from- the coarse matching. Ac-
cording to Table 2, the computamon time of corner de-
tection dominates the total computation time of our
hierarchical coarse-to-fine method. We shall use faster
method to detect corners in order to further speedup
the computatmn of dlsplacement vectors.
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Figure 5: CocaCola can image sequence: containing a moving CocaCola can with displacement vectors obtained
at corners,
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(d)

Figure 6: Cubic image sequence: containing a rotating plate and a cubic with displacement vectors obtained at
corners.
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Figure 7: Taxi image sequence: containing moving cars with displacement vectors obtained at corners.
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