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Abstract In this paper, we propose a single-
layer feedback neural network model to enhance the
block matching, to estimate the displacement field,
and simultaneously to perform image segmentation
from consecutive images. For any two consecutive
images, we create a neural network to learn the con-
nection relationship of the pixels in an object from
the displacement field and to store the relationship
in the network. A modified block matching is used
to compute a more accurate displacement field by
utilizing the segmentation information embedded in
the neural network. The displacement vector at the
edge of an object or occluding boundary is hard to
estimate, but our model performs satisfactorily be-
cause it learns and uses the connection informa-
tion. Furthermore, a flood fill algorithm is used
to compute the dense displacement field more ef-
ficiently and correctly than the erhaustive search
does.

1 Introduction

The abundance of attributes in information of time-
varying images allows visual motion analysis to pro-
vide surface structure, 3D translation and rotation
parameters, and other useful information. With
this ability, visual motion analysis can be applied
to target tracking, video coding, passive navigation,
automatic surveillance, remote sensing, and many
other real life applications.

Optical flow estimation and the image segmen-
tation are the first two tasks in motion analy-
sis. There are three major groups of methods
to estimate the optical flow field or displacement
field. They are the gradient methods, correspon-
dence methods, and block matching methods. Each
group of methods has its own advantages, draw-
backs, and limitations for different situations.

Gradient methods are effective and they can
compute the dense optical flow field at subpixel
accuracy. But they need derivatives, which are
sensitive to noise, and have difficulty with long
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range optical flow. Correspondence methods ex-
tract the interesting part of every consecutive im-
ages to match and track them by similarity, defined
according to applications to compute the displace-
ment field. The interesting part of an image de-
pends on applications, such as isolated point, edge,
corner, peak, valley, blob, or suchlike. Although
this method can only compute sparse displacement
field, it can achieve long range displacement while
eliminating the disturbance of noise. But it is diffi-
cult to solve the correspondence problem and there
is another consistency problem: the extracted in-
teresting parts may have inconsistencies over the
consecutive images.

The simplest block matching is to find in two im-
ages the corresponding pair of pixels and their sur-
rounding blocks that minimize the sum of square
of intensity differences. This method is feasible if
there are only translations but no rotations. Fuh
and Maragos (1991a, 1991b) develop a 2-D affine
model to estimate the displacement field allowing
affine intensity transformations and shape defor-
mations. Dufaux and Kunt (1992) use a multigrid
block matching refined by an adaptive local mesh
to obtain more accurate motion field efficiently. Se-
feridis and Chanbari (1992) propose a generalized
block matching method allowing affine, perspec-
tive, and bilinear transformations.

Although block-based methods are simple and
easy to implement, there are two drawbacks that di-
minish the accuracy of estimation. First, there may
be some regions appearing or disappearing between
the two corresponding blocks of the two consecutive
images. The block matching error using the sum of
the square of the intensity differences will depend
on the intensity difference between appearing re-
gions and disappearing regions. Second, if there
are several similar regions appearing in one image,
there may be several blocks in the second image
similar to some blocks in the first image. Using the
inefficient and exhaustive block matching may lead
to incorrect displacement vectors.

Block matching can achieve long-range dense dis-
placement field and is robust to noise. But it can
not estimate the displacement vector at the sub-
pixel level, and it is very difficult to accurately es-



timate the displacement vector near the occluding
boundary. Choosing the size of matching block is
also a problem.

Image segmentation is an important preliminary
step for pattern recognition and scene analysis.
Segmentation is based on similarity and discontinu-
ity. Francois and Bouthemy (1990) use likelihood
test to divide motion field into areas containing co-
herent motion. Thompson et al. (1985) use an
edge detection algorithm to locate the discontinu-
ities of optical flow, that is, the occluding bound-
aries. ITrani et al. (1994) use temporal integration
to divide and track the moving objects.

Using optical flow field as an intermediate result
to divide images will inherit the noise and error of
the optical flow field although this method modu-
larizes and simplifies the problem of motion analy-
sis.

In this paper, we put forward an iterative method
of the displacement field estimation and the image
segmentation. We create a single-layer feedback
neural network model to learn and keep the infor-
mation of segmentation from the displacement field
estimated by an enhanced block matching method.
This block matching will use the information of seg-
mentation embedded in the neural network to en-
hance the accuracy of the displacement field. This
neural network model is trained by the pixels of
the input sequence of images to produce accurate
displacement field and segmentation.

2 Displacement Field Estima-
tion

2.1 Neuron Model

In this section, we create a single-layer feed-
back neural network for each image to learn and
record the segmentation information in the artifi-
cial synapses between neurons. This neural net-
work contains one neuron for every pixel in the
image. Using the error function described in Sec-
tion 2.2, each neuron contains the information of
the displacement vector and the block matching
error is computed with this displacement vector.
Each neuron also has eight synapses connected to
the eight neighboring neurons, corresponding to the
eight neighbors of the pixel. The construction of
neurons and synapses is shown in Figure 1. The
eight synapses of each neuron are ordered from
number 0 to number 7 as Figure 1 shows.

The weight of synapse stands for the strength of
the connection. That means if two neighboring pix-
els belong to the same object, the weight of synapse
between the two corresponding neurons should be
large. As Figure 2 shows, if the matching error
€(r,¢) of neuron N(r,c) using displacement vector
d(r,c) is calculated, the feedback connection will

qr-1,c+1)
d(r-1,c+1)

qrc+1)
d(r,c+1)

qr+l,c+1)
d(r+1,c+1)

Figure 1: (a) The eight synapses of the neuron
N(r,c) with the number on the synapses at the kth
iteration. This order of synapses is just for the con-
venience of implementation. (b) The neuron N(r,c)
contains the information of block matching error
e(r,c), calculated by using the displacement vector
d(r,c) and eight synapses connected to its neigh-
bors.

adjust the weights of synapses connecting neuron
N(r,¢) and its eight neighboring neurons to reveal
the new state of the connection strength.

According to the smoothness assumption of Horn
and Schunk (1981), the displacement field is con-
tinuous almost everywhere except at the occlud-
ing boundaries of objects in the images. In other
words, neighboring pixels of the same object have
similar displacements but those pixels on oppo-
site sides of the occluding boundary have differ-
ent displacements. Thus we can expect that if
P1, P2 are two pixels on opposite sides of an oc-
cluding boundary, then displacement vector d(p1),
d(p2) should be different and the matching er-
rors €(p1,d(p2)) of neuron N(p;) using the dis-
placement vector d(p2) and €(p2,d(p1)) of neuron
N(p2) using the displacement vector d(p;) are both
larger than e(p1,d(p1)) and e(p2, d(p2))-

The relationship presented above can be trans-
lated into the weight of the synapse. According
to the assumption above, if the matching error
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Figure 2: Single-layer feedback neural network

model for the feedback connection of Neuron(r,c)
only.

e(p1,d(p2)) is large, then py, p2 should belong to
different objects and the weight of the synapse be-
tween neurons N(p;) and N(pz) should be small.
On the contrary, if €(p1, d(p2)) is small, d(p;) and
d(p2) are coherent and similar, then p;, p2 should
belong to the same object and the weight of synapse
between neurons N(p1) and N(p2) should be large.
The ith goal weight W, (p1,i,k) of neuron N(p;)
at the kth iteration is defined as the reciprocal of
exponential error ¢(py, d(p2)) scaled by A:

—_

Wy(p1,i, k) = eAxe(p1,d(neighbor; (p1))) 1)
where py = neighbor;(p1) is the ith neighboring
neuron of py, 0 <i < 7, as Figure 1 shows, and the
scaling factor A depends on whether d(p1) is similar
to d(p2) or not. Weight W, will increase to 1 if
€(p1,d(p2)) approaches 0 to represent that N(p)
and N(p2) belong to the same object because d(p;)
is similar to d(p2). In this case, a smaller value of
A is used to speed up the increase of W,. Weight
W, will decrease to 0 if e(p1,d(p2)) is large, which
means the displacement vectors d(p;) and d(p2)
are different and that N(p;) and N(p2) may belong
to different objects. In this case, a larger value of
A is used to speed up the decrease of W,. From
our experimental experience, we choose 0.0003 and
0.003 to be the value of A in both cases. The weight
of synapse stands for the strength of the connection
of pixels and neurons.

The connection relationship of pixels is first
learned iteratively each time a displacement vector

is estimated and the matching error is calculated.
After all the pixels are processed, the connection
information embedded in the neural network is sus-
tained and learned progressively from the consec-
utive images. At the kth iteration, the ith weight
W (p,i,k) of neuron N(p) is learned by using an
adaptive algorithm:

W(p,i, k) =rxWy(p,i, k) +(1—r)xW(p,i,k—1)

(2)
where k is the number of iteration and ¢ is one di-
rection and 0 < i < 7, as Figure 1 shows. Consider
pixel p at iteration k£ — 1: using the learning rate
r,0 <r <1, we want to upgrade the weight of the
i-th synapse of the neuron N(p) at iteration k to-
ward W, based on the weight of the i-th synapse
of the neuron N(p) at iteration k — 1. When 7 is 1,
W (p,i, k) will be W, (p, i, k) at every iteration and
may have a bouncing effect. If r is 0, W(p,i, k)
will stay constant on the initial value, W(p,1,0).
From our experiments, 0.4 is chosen to be a stable
learning factor.

2.2 Modified Error
Block Matching

Block matching methods use some criteria such as
minimizing a sum of squared or absolute inten-
sity differences or maximizing an intensity cross-
correlation to match blocks in the next image for
each block in the current image. The displacement
between these two matched blocks in the current
and next images is the displacement vector of the
matched block in the current image.

As an example, in Figure 3, we use the crite-
rion of minimizing a sum of squared intensity dif-
ferences to calculate the matching error of pixel ps3
in the first image I; and the corresponding pixel
P33+ d(ps3) in the second image I by the two sur-
rounding blocks with candidate displacement vec-
tor d(ps3). The matching error according to the
criterion of minimizing a sum of squared intensity
differences is:

2

pEblock(pss)

Function of

(Ii(p)— L2 (p+d(ps3)))”

(3)
where block(psz) is the block centered at pss.
The estimated displacement vector d(ps3) mini-
mizes the matching error £(ps3,d(ps3)). In this
case, pixels p41, P42, -., P55 are inside the disappear-
ing region in image I;; pixels p4; + d(ps3), P4z +
d(ps3), .., P55 + d(ps3) are inside the appearing re-
gion in image I». Their intensities are different and
e(ps33,d(p33)) is large. So there may be some other
displacements d'(ps3) satisfying e(pss,d'(ps3)) <
e(ps3,d(ps3)) that lead to an incorrect displace-
ment vector.

To solve the problem of estimating the displace-
ment vector at the occluding boundary as men-

e(p33, d(ps33)) =
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Figure 3: Block matching error of pizel pss in im-
age I and pizel pss + d(ps3) in image I where d
is d(p33)-

tioned above, one approach is previously to divide
the images into regions containing only one object
and to use the matching block bounded by regions
in order to exclude the disturbance of appearing
and disappearing regions. As Section 2.1 mentions,
our approach embeds the segmentation information
in the neural network, we can exploit it from the
weights of the synapses.

Instead of setting a threshold on the weights, the
weights of synapses are used as weighting values for
the square of intensity differences because it is very
difficult to select a correct threshold for every ap-
plication. Using the concept of fuzzy theory, the
weights of synapses stand for the degree of connec-
tion between the two neighboring pixels instead of
the discretized true or false result. The degree of
connection can represent the influence of the square
of the intensity differences. If two pixels are at the
opposite sides of an occluding boundary, the weight
of synapse between them will be small and lead to
the small weighted square of intensity differences,
thus eliminating their disturbance on each other.

Therefore, the matching error becomes the
weighted sum of the square of the intensity differ-
ences:

d(q))

>

peEblock(pss)

€(p33,
(I (p) — Ia(p + d(q)))* x

Wpath (p) P33))

(4)
where q is one of eight neighbors of pgz. Weight
Wpath (P, P33) is the product of the weights of the
synapses along the shortest path from p to the cen-
ter pixel, pss3, of the block as shown in next equa-
tion, thus, pixels on the other side of the occluding
boundary will have little influence on error.

2.3 Flood Fill Algorithm

In the standard block matching method, the dense
displacement field is obtained from exhaustively
matching all the possible corresponding blocks
within a predefined range. This kind of matching
is very inefficient and may not compute a smooth
displacement field because every pixel is estimated
separately. In this section, a flood fill algorithm is
used to estimate the dense displacement field ef-
ficiently. Another implementation issue is for the
neural network computation which is parallelly per-
formed on a dense mesh of computing neurons and
synapses, On traditional computers, parallel pro-
cessing is often simulated with asynchronous se-
quential computations. Instead of watching all the
neurons and synapses to know if they have to be up-
dated or not, the flood fill algorithm maintains and
processes through a queue of neurons and synapses
which have to be adjusted. All the affected neurons
and synapses while processing the queue will be ap-
pended behind the queue, eliminating the need to
watch all the neurons and synapses.

Unlike the circular chicken-or-the-egg problem,
the iterative displacement field estimation and seg-
mentation requires an initial value. When match-
ing any two consecutive images of an image se-
quence, we assume all pixels are stationary, that
is, their displacements are all zero, and the initial
matching error using zero displacements are calcu-
lated. Besides, we regard the whole image as one
object, that is, the weights of the synapses of the
first neural network are all 1. A recursive flood fill
search algorithm is used to produce a dense dis-
placement field:

Step 1: All pixels in the two consecutive images are
set to be unmarked.

Step 2: Randomly choose an unmarked pixel p; in
I;. Exhaustively search an area surrounding p; in
I>. Choose the pixel p2 which gives the minimum
matching error €(p1,p2 — p1)- Let p = p1, d(p)
P2 — P1.

Step 3: For every pixel p’ of the neighbors of pixel p,
calculate the matching error e(p’,d(p1)) and mod-



ify the weight of the synapse between p and p’ by
displacement d(p).

Step 4: If min_;<i<1 1<j<1 €(p',d(p1) + (3,5)) is
less than the old matching error of p’, let d(p’) +
d(p1) + (i,7), mark p’, let p = p’, and go to Step
3.

Step 5: If there are unmarked pixels, go to Step 2,
or else stop.

Every object in the image will have a displace-
ment seed to flood fill the whole region of the ob-
ject, according to the assumption that neighboring
pixels have similar displacements within the object
but the pixels across the occluding boundary have
dissimilar displacements.

3 Image Segmentation

In this work, image segmentation is defined as par-
titioning each image into a set of moving objects
and background. In Sections 3.1 and 3.2, two seg-
mentation algorithms are presented. In fact, they
are actually the post-processings of segmentation.
Recall that we use an iterative displacement field
estimation and segmentation algorithm to do these
two operations simultaneously. All the segmenta-
tion information is already embedded in the neural
network. The remaining problem is to retrieve and
represent the segmented partitions from the neural
network.

3.1 Region Growing Segmentation

In this section, a segmentation algorithm based
on region growing is presented. Neurons are ag-
gregated via the weights of the synapses connect-
ing to neighboring neurons. If the weight of some
synapse is large compared with the local neighbor-
ing weights, which are ranged as the 72 weights
of synapses of the neuron and its eight neighboring
neurons, the neurons connected by this synapse are
aggregated together. Because the large weight of
some synapse means the neurons connected by this
synapse have coherent displacement vectors, the re-
sulting segmentation will partition the image into
regions with the same motion. This algorithm is
described below:

Input: The neural network.
Output: The segmented regions.

Step I: Initialize an empty queue.

Step 2: Append the queue with an ungrouped neu-
ron in the neural network; assign a new region num-
ber for it.

Step 3. Retrieve the neuron N from the head of the
queue.

Step 4: For each N,, (0 < n < 7) of the eight un-
grouped neighboring neurons of N, if the weight
of synapse W between neuron N,, and N is larger

than % of the 72 synapses of the neuron N and

its 8 neighbors, NN, is grouped by the same region

number of N and is appended to the queue.
Step 5. If the queue is not empty, go to Step 3.

Step 6: If there is any ungrouped neuron, go to Step
2.

Step 7: Output the regions in which all the neurons
in the same region have the same region number.

3.2 Boundary Segmentation

Instead of aggregating neurons as regions, the seg-
mentation algorithm presented in this section draw
the boundaries using the connection information
stored in the synapses of the neural network. If the
weight of some synapse is small, the neurons con-
nected by this synapse have different displacement
vectors and should belong to two different objects
and thus a boundary exists between these neurons.

If the weights of the three or four synapses be-
tween the four neighboring neurons are all smaller
than some threshold value, we draw a boundary
there. This method cannot get the clear-cut bound-
ary but is a satisfactory indicator. The output
of the boundary will depend on the choice of the
threshold value, which is 0.75 from our experi-
ments.

4 Results of Experiments

In this section, we will demonstrate the experimen-
tal results using these methods. The image se-
quence is a cube sequence consisting a magic cube
on a round plate, as shown in Figure 4. The round
plate is rotating counterclockwise with the magic
cube. The displacement fields of this sequence are
shown in Figure 5 without showing the zero dis-
placement vectors. We can see there is a region
of zero displacement vectors inside the round plate
due to the little information contained by the plain
white illumination of this region. Three major par-
titions and the boundary of the first two images
are shown in Figure 6 by using the region growing
and boundary segmentation algorithms. The magic
cube and the round plate are grouped together be-
cause they have the same motion, rotating.
Computing the neural network by software is
very time-consuming without special hardware as-
sistance. We ran our algorithms on Sparc station
10 model 41 and it took 30 minutes to process each
consecutive pair of images of size 512 by 512.



Figure 4: Consecutive images of rotating plate with

a cube on it.
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Figure 5: Displacement field between the consecu-

tive images in Figure 4.

Figure 6: Segmentation result of the first two con-
secutive images produced by (a) region growing seg-
mentation algorithm and (b) boundary segmenta-
tion algorithm.

(b)



5 Conclusion

In this paper, we put forward a block matching
method enhanced by a single-layer feedback neu-
ral network to estimate the displacement field and
segment image simultaneously in an iterative man-
ner. This neural network is trained by and main-
tains the segmentation information during the es-
timation of the displacement field. The enhanced
block matching will use the segmentation informa-
tion embedded in the neural network to estimate
accurate displacement vectors. We applied our al-
gorithms to various indoor and outdoor real-world
image sequences; experiment results show that the
displacement vectors and object boundaries are ac-
curate even near the occluding boundary. Indeed,
using synapse weight and displacement field from
previous images as initial values improves displace-
ment field estimation and image segmentation.

Throughout this work, we assume that the ob-
jects in the consecutive images only go through the
motion of 2D translation on X and/or ¥ axes. If
the objects in images have motion, such as rotation,
scaling, or intensity change, our algorithm cannot
achieve subpixel accuracy and has to be refined to
accommodate them.

The problem of choosing the size of the match-
ing block still remains unsolved. Some works use
variable size to adapt to different environments. If
the variation of intensities distributed in a region
is large, the information contained in this region
is large. Only a small size is needed to match two
blocks well. On the contrary, there is little informa-
tion contained in the plain intensity region. Thus,
large block size is preferred in order to contain as
much information as possible. One way to estimate
the amount of information contained in a region is
to use the concept of entropy. If P(i) denotes the
probability of the appearance of intensity i, the in-
formation contained by the intensity i is log %.
The size of the matching blocks is chosen when the
total information ), ,, . log % is large enough.
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