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Abstract—Motion-based segmentation is a very important capa-
bility for computer vision and video analysis. It depends funda-
mentally on the system’s ability to estimate optic flow using tem-
porally proximate image frames. This is often done using block-
matching. However, block-matching is sensitive to the presence of
observational noise, which is inevitable in real images. Also, im-
ages often include regions of homogeneous intensity, where block-
matching is problematic. A better method in this case is to estimate
motion at the region level. In the approach described in this paper,
we have attempted to address the noise-sensitivity and texture-in-
sufficiency problems using a two-pathway system. The pixel-level
pathway is a multilayer pulse-coupled neural network (PCNN)-
like locally coupled network used to correct outliers in the block-
matching motion estimates and produce improved estimates in re-
gions with sufficient texture. In contrast, the region-level pathway
is used to estimate the motion for regions with little intensity vari-
ation. In this pathway, a PCNN network first partitions intensity
images into homogeneous regions, and a motion vector is then de-
termined for the whole region. The optic flows from both path-
ways are fused together based on the estimated intensity variation.
The fused optic flow is then segmented by a one-layer PCNN net-
work. Results on synthetic and real images are presented to demon-
strate that the accuracy of segmentation is improved significantly
by taking advantage of the complementary strengths and weak-
nesses of the two pathways.

Index Terms—Block matching, image segmentation, locally
coupled networks, motion estimation, motion-based segmentation,
pulse-coupled neural network (PCNN), synchronization.

I. INTRODUCTION

LOCALLY connected networks of synchronizable neural
oscillators are interesting from both the neuro-engineering

and computational neuroscience perspectives. Synchroniza-
tion was proposed by Milner [27], Reitboeck [29], and von der
Malsburg [33] as a possible mechanism for feature linking, ex-
perimental evidence for which was later reported [9], [10], [15],
[16]. The use of synchronization as a neural information pro-
cessing mechanism is especially interesting because it allows the
use of fully spatiotemporal coding. Representations distributed
over space (neurons) can be grouped or dissociated by changing
the phase of their activities relative to each other, creating an
extremely rich range of possibilities, and allowing time to be used
for multiplexing several complex representations. This has led to
the development of the pulse-coupled neural network (PCNN)
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model by Eckhorn et al.[10], and the locally excitatory, globally
inhibitory oscillatory network (LEGION) model by Wang and
Terman [35]. Both models have been applied to a variety of tasks
in the areas of image analysis, auditory processing, and logical
operation [6], [22], [23], [25], [28], [34], [36].

A major application for synchronizable networks is image
segmentation:Thepartitioningofan image intoobjectsor regions
based on common characteristics [13], [14]. Approaches based
on the PCNN and LEGION models have been quite successful
in solving this problem, focusing mainly on intensity-based
segmentation [10], [25], [31], [36], though LEGION has been
applied to motion-based segmentation as well [7]. In a syn-
chronization-based image segmentation scheme, each object is
represented by a group of synchronized neurons, while different
objects are represented by mutually desynchronized neuron
groups. Methods based on synchronizable neurons are of special
interest for two reasons. First, because of its neural paradigm,
this approach is inherently amenable to parallel implementation.
Second, it may help elucidate possible mechanisms in the early
visual system and, thus, lead to more powerful computer vision
methods.

Motion-based segmentation, which refers to the process of
partitioning an image into objects (regions) with common mo-
tion, is a fundamental problem in the fields of video processing,
target recognition and computer vision. Quite often, objects in
real images do not have homogeneous intensity, texture, etc.,
and are identifiable only by their coherent motion. Motion-based
segmentation is closely related to the motion estimation problem.
If a good estimate of the optic flow is available for an image, it
can be segmented readily [20]. The simplest way to estimate the
motion of a region is by block matching across image frames
separated by short time intervals. However, block matching is
often complicated by noise in the image, which creates spurious
matches and, therefore, incorrect estimates of optic flow. This is
particularly problematic in regions with little inherent texture,
since most of the variation in that case is noise. The problem
can be alleviated partially by spatial smoothing of the optical
flow field [3], [32]. However, optic flow smoothing can blur the
flow image at object boundaries, which is counterproductive
for motion segmentation methods. Block matching also has
difficulty with regions of homogeneous texture, and algorithms
that combine motion segmentation and intensity segmentation
have been proposed to deal with this [7], [8]. In these methods,
intensity segmentation is performed first, followed by a unique
motion estimate for each segment.

In this paper, our objective is to present a method for transla-
tional motion segmentation using block-matching in combi-
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Fig. 1. Flow diagram of the system.

nation with PCNNs to alleviate the problems of image noise
and texture insufficiency and provide reliable segmentation. We
address the noise-sensitivity problem by spatially smoothing
the optic flow through the local connections between neigh-
boring neurons in a multilayer locally coupled network. A
block-matching certainty measure is also defined to propagate
the smoothing from reliably estimated motion vectors to the
less reliable ones in the neighborhood. To tackle the texture in-
sufficiency problem in homogeneous regions, a PCNN network
first partitions intensity images into homogeneous regions, and
a motion vector with maximum accumulated certainty is then
assigned for the whole region. A key property of the system
we present is that it uses networks of locally connected neu-
rons that function through spreading activation and temporal
multiplexing. The system is inspired directly by the LEGION
approach of Çesmeli and Wang [7], which consists of two
parallel pathways that process motion and brightness, respec-
tively. Their system uses continuous-valued continuous-time
synchronizable neural oscillators while we use discrete-time
binary neurons (as in many PCNN models). The two models
also differ in the specifics, but share the general approach
of refining motion estimates based on block-matching, using
complementary pathways, and separating segments by means
of temporal coding. In a sense, the system we present can be
seen as a simplified version of the approach in [6] and [7], and
was developed in collaboration with the authors of that work.
It is interesting to see how well even this simplified model

works, demonstrating the general utility of the approach. As
far as practical, we have attempted to accomplish all tasks
through spatiotemporally localized processes, which is one of
the primary points of interest in this work.

II. PROBLEM DESCRIPTION

Given an image sequence , we consider two dis-
tinct temporally proximate frames and

, . Using the two frames, the task
for the system is to:

1) assign an optic flow vector to every pixel in ;
2) group together pixels that have sufficiently similar optic
flow estimates and form a connected region. Each group is
called a segment.

Thus, the outcome of the processing is a labeling of each pixel
by a segment identifier, presumably corresponding to a single
object with rigid translational motion.

III. SYSTEM DESCRIPTION

The approach we present is termed temporally sequenced in-
telligent block-matching and motion-segmentation (TIBM), and
is shown schematically in Fig. 1. The TIBM system comprises
three stages.

Stage I: Block Matching and Certainty Determination: In
this stage, local block matching is applied to the image frames
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and , to obtain the best block-matching motion
estimate (BBME), , for each pixel. In addition, a block-
matching certainty measure (BCM), , is also computed
for each pixel. Typically, highly textured regions generate higher
certainty values. These two quantities are then used as inputs for
the next stage. To facilitate processing, we normalize intensities
in all images to the 0–1 range.

Stage II: Refined Optic Flow Estimation: This is the main
processing stage where the estimates from Stage I are refined
using the BCM values and neighborhood information. Stage II
processing comprises two pathways: the pixel-level (P) pathway
and the region-level (R) pathway. The basic idea is to partition
the image into two types of regions: Textured regions, where
detailed block matching can work well and noise is the main
problem, and homogeneous regions, where block matching is in-
herently uncertain because the information (texture) needed for
it is lacking. The P pathway uses a multilayer locally coupled
network to identify the textured regions and performs adaptive
local smoothing to produce high-quality optic flow estimates for
these regions, while the R pathway uses a standard PCNN to
detect homogeneous regions and heuristically assigns uniform
optic flows to them based on the BBME of the regions with max-
imum accumulated certainty, which usually correspond to local
features or neighboring textured regions. Thus, the regions best
suited to block matching end up with reliable flow estimates,
while regions not suited to block matching in the first place are
isolated and handled separately. As such, our approach can be
seen as a type of “intelligent” block matching.

Stage II processing produces two optic flow images
from the P pathway, and from the R pathway, and a
mask , which indicates which estimate should be used
for each pixel. The optic flow images are then combined through
the mask to produce the final optic flow image

(1)

Stage III: Segmentation: In this stage the optic flow image,
, produced by Stage II is segmented using a standard one-

layer PCNN, following the approach used for intensity-based
segmentation in [21], [25], [36].

We now describe each stage in detail.

IV. BLOCK MATCHING AND CERTAINTY DETERMINATION

The block-matching procedure estimates the motion for a
pixel by seeking the minimum sum of absolute difference (SAD)
between a block around this pixel in the first image frame

and all blocks in a search neighborhood in the
successor frame, , where . The SAD of pixel at a
displacement is defined as

(2)

where , . For those pixels within
pixels from the image edge, blocks and search neigh-

borhoods are modified to avoid crossing the image boundary.

The best block-matching motion estimate (BBME) for pixel
is if for all

in the search neighborhood. We use to denote
the BBME for pixel . The SAD values for over all dis-
placements can be seen as forming a
surface, , whose curvature provides infor-
mation about the certainty of the match. Intuitively, the best
match on a flat SAD surface indicates a random choice in a
low textured region, whereas a best match in a deep trough
corresponds to a higher certainty estimate [4], [6]. Using this
idea, we define a simple, efficiently computed certainty mea-
sure for block matching. The block-matching certainty measure
(BCM) at pixel for the best match displacement,

is defined as

(3)
where denotes the eight immediate neighbors of the dis-
placement on the surface. The denominator includes
a small constant to prevent division by zero. All s are then
normalized by the maximum in the whole image so that

.
In [4], distinct certainty measures are defined along two com-

ponents of the motion vector, while in [6], certainty is calculated
along the direction perpendicular to the motion vector. The di-
rectional definition of certainty is very useful in many cases,
e.g., in solving the aperture problem. However, the major objec-
tive of our method is to eliminate the outliers caused by noise.
Thus, we need a nondirectional certainty measure to spread the
smoothing activity to all neurons in the neighborhood. Although
our certainty measure is considerably simpler, it is interesting to
note that it still seems to work very well across many examples.
Of course, if certainty is calculated over a larger neighborhood
and also uses measurements other than just the mean, it might
be possible to obtain a more comprehensive measure of relia-
bility. However, the tradeoff is greater computational expense.

Stage I is the only part of the system that is not based on spa-
tiotemporal dynamics. It can be seen as a setup or preprocessing
stage since it produces the weights and input values for the dy-
namic networks of Stage II.

V. PIXEL-LEVEL MOTION ESTIMATION (P) PATHWAY

The P pathway comprises a multilayer PCNN-like locally
coupled network that spatially smoothes the optical flow ob-
tained from block matching based on the BCM. Since block
matching is a pixel-level motion estimation method, we call this
the pixel-level pathway. The rationale that underlies smoothing
motion estimation is that image elements (pixel blocks) near
each other are likely to belong to the same object, and there-
fore, tend to have consistent optical flow vectors. Smoothing
based on this assumption—called the proximity grouping prin-
ciple [24]—helps eliminate small discontinuities arising due to
noise.

Every layer of the P pathway network is a lattice of dis-
crete-time binary neurons, each connected to its eight imme-
diate neighbors. Activity spreads through the network via re-
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Fig. 2. Architecture of the multilayer locally coupled network.

cruitment based on a combination of external input and lateral
excitation. The neighborhood-based connectivity of the PCNN
makes it an appropriate choice for the neural implementation of
local smoothing, as described in the following.

Functionally, the P pathway attempts to assign a smoothed
motion estimate to each pixel where possible. The smoothing
process tends to make the motion estimate for a pixel consistent
with that for its neighbors if: 1) most of its neighbors have sim-
ilar motion estimates; and 2) the motion estimates for its neigh-
bors are of sufficiently high reliability. The first condition just
represents the proximity grouping principle. The second con-
dition awards a pixel with reliable motion estimation a greater
weight in the process of smoothing. The problem of boundary
blurring is avoided by using a definition of motion reliability
that tends to be very low near object boundaries, thus, shielding
pixels near these boundaries from the smoothing process.

A. P Network Architecture

The architecture of the multilayer network is shown in Fig. 2
[7]. The inputs to the network are the two image frames,
and . The network consists of layers labeled 0 to ,
where each layer is a locally coupled network in 1-to-1 corre-
spondence with the pixels in frame . Each layer in the network
corresponds to one motion displacement, , shown
by black squares in the figure. In all, there are ,

different motion displacements varying from
to in both the and directions. A neuron in layer cor-

responding to pixel in the image is denoted by .
Clearly, there is a unique SAD value corresponding to
each neuron in the network. A column is the set of neu-
rons at position in all the layers; it corresponds to the same
pixel matched at all possible displacements, as shown in
Fig. 2. In each column, the neuron with the lowest

is termed the dominant neuron; it corresponds to the
BBME for pixel . Dominant neurons are indicated by

if
else

(4)

Each neuron, , receives a fixed external input

(5)

where is a small positive number. It also receives a certainty
input which is nonzero only for dominant neurons

(6)

Neuron also receives two types of connections from
each of its eight lateral neighbors : a proximity connec-
tion of weight and a certainty connection of weight

. The proximity connections are all set to unity, while
the certainty connections are set as

(7)

It should be noted that certainty connections are directed, while
proximity connections are bidirectional and symmetric.

B. P Network Operation

The network operates using two time-scales: a fast time-scale
indexed by , and a slow time-scale indexed by . Each incre-
ment of the slow time-scale is called a cycle, and equals incre-
ments of the fast time-scale, which are called steps. As described
below, each cycle begins with the firing of at most one neuron,
which is termed the seed neuron for that cycle. If no seed neuron
fires at the beginning of a cycle, there is no network activity
during that cycle. If a seed neuron does fire, it might produce an
“avalanche” of activity spreading outward at the fast time-scale
from the seed neuron to other neurons in the same layer that
receive sufficient lateral and external stimulus. This spreading
terminates when no further recruitment is possible along the en-
tire activation boundary. All neurons that fired during the cycle
then form a putative segment in the image. A new seed neuron
can then produce another segment in the next cycle. Thus, the
activity of neurons forming a segment is grouped together in
time (within a cycle) while that of neurons in different segments
is separated in time (in different cycles). We assume that each
cycle is long enough (i.e., is large enough) to complete the
recruitment process for even the largest segment. We denote
the cycle corresponding to a value by . Infor-
mally, interaction among neurons within each layer occurs at
the fast time-scale, while the cycles can be seen as a modulatory
signal controlling excitability of all neurons and underlying cer-
tain parameter variations as described below. Such global mod-
ulatory signals are present in many biological neural systems,
e.g., the theta rhythm in the hippocampus which modulates the
excitability of different neural populations in a very intricate
phase-coded scheme [5], [12], [17]–[19], [30].
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Each neuron has a binary output that
is updated at the fast time-scale and depends on the fixed
external inputs and , and the time-varying
lateral input . Each neuron has a seed potential

. However, only dominant neurons have nonzero s
which enable them to fire as seed neurons. All neurons in the
same column have two common thresholds: a certainty
threshold , that changes at the slow time-scale, and an
activity threshold , that tracks the highest activity level
seen so far for any neuron in column . Once the certainty
threshold falls below a certain value , a resetting signal

is generated and propagated to all neurons in that
column.

The dynamics of each neuron is described by (8)–(15), shown
at the bottom of the page. Here is the internal ac-
tivity of neuron at , denotes the 8-neighbor-
hood of neuron in layer , is the duration of neuron’s
firing activity, denotes the number of fast time-scale steps in a
slow time-scale cycle, and , , , , are user-spec-
ified parameters that are explained below.

The certainty thresholds of all columns are set to zero when
the network starts operation. Therefore, at time , a resetting
signal is generated in each column due to (12), shown at the
bottom of the page. Each resetting signal accomplishes three
tasks:

1) it charges the seed potential, , of the dominant
neuron in the column to 1;
2) it charges the certainty threshold, , to the initial

value, ; and

3) it sets the activity threshold, , to, , the
maximum external input in a column.

Once the certainty threshold is charged up, the resetting signal
disappears at the next step. The s of all columns start to decay
at the same rate at the slow time-scale. When they fall below

at the same time, resetting signals are produced again in
each column. The duration for decaying from to is
termed an epoch. The network is ready to operate from the same
initial status at the beginning of each epoch. Once charged up,
the seed potential of a neuron remains constant when it is silent.
Due to (13), shown at the bottom of the page. is discharged
to 0 one step after the neuron fires. After being discharged, the
seed potential is not able to change back to 1 until the resetting
at the beginning of the next epoch.

The two firing conditions for a neuron in (10), shown at the
bottom of the page, represent two distinct functions. The first
condition is relevant only for dominant neurons, since they are
the only ones receiving . It causes a dominant
neuron to fire as a seed neuron at the first step of a cycle if the

threshold for its column has become sufficiently low and its
seed potential has not been discharged. The second part of the
condition and (13) ensure that such a firing is only for one step,
and is possible only for neurons that have not fired so far in an
epoch, which is a distinctive feature of the seed neuron’s initial
activity. The second firing condition applies to all neurons and
causes firing if the lateral input to a neuron, in combination with
its fixed external input, is sufficient to recruit it into the current
segment. This firing, termed a full firing to distinguish it from
the seed neuron’s initial one-step spike, lasts for steps, after
which for the column is raised per (15), shown at the bottom of

(8)

(9)

if and
or

else
(10)

(11)

if
else

(12)

if
else (13)

if
else

(14)

if

else

(15)
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the page, and the neuron stops firing. Note that the seed neuron’s
initial one-step pulse does not preclude it from a full firing later
in the segment, since the threshold is updated only for firings
longer than one step. However a dominant neuron that has al-
ready fully fired, but not as a seed neuron, will not be able to
fire as a seed neuron later when its . As
discussed below, only neurons with full firing are included in
the segment produced during a cycle.

When the network begins to operate from a silent state, there
is no lateral activity between neurons. The initial value of the
threshold is set higher than any certainty value, so no dominant
neuron can fire as a seed neuron, and all neurons’ internal activ-
ities equal their external inputs , which precludes firing
due to the second firing condition. As the thresholds decay
at the slow time-scale due to (14) a dominant neuron is even-
tually able to fire at the beginning of a cycle. The neighbors of
this seed neuron receive lateral excitation as a result. If some
of them already had a high-enough external input, indicating
that they represented relatively good (though not necessarily the
best) block match, the lateral stimulus can tip them over into a
firing state and start the recruitment process. The threshold of
the seed neuron keeps on decreasing until it reaches , when
the network is reset and a new epoch begins. The lower limit

represents the minimum certainty of all dominant neurons
which are able to fire as seed neuron. Dominant neurons with
certainty lower than will not be able to fire as seed neu-
rons. However this will not affect the operation of the network
because these dominant neurons cannot activate their neighbors
in most cases even if we let them fire as seed neurons. The con-
stant is sufficiently small that the decay in over each cycle
is very unlikely to activate more than one seed neuron.

Denoting the layer of the seed neuron fired in cycle
(and, therefore, the hypothesized displacement of its seg-
ment) by , the lateral spread of activation is produced by

, and is determined by (8). The first term in
measures how many neighbors of pixel have already been
assigned the same displacement as the seed neuron (i.e., they
fired in layer at ). The second term then provides
extra weight to those neighbors whose BBME is with
high certainty. Thus, setting gives greater weight
to neighboring pixels having similar motion estimates, while
the opposite setting biases lateral excitation toward the most
certain estimates. The firing of neuron by the lateral
stimulus indicates that is a sufficiently reliable choice for
the displacement of pixel . Furthermore, since the firing
of sets to the total stimulus of ,
a neuron in this column will be fired subsequently only if its
net excitation is even higher than that of , i.e., if it
represents an even better hypothesis for the displacement of
pixel . Note that “better” here does not simply mean lower
block-matching error, but a combination of that with neighbor-
hood information as embodied in the network equations. This
is analogous to the way PCNNs used for intensity segmentation
combine a pixel’s intensity with the intensity of its neighbors
[22], [25]. The updating of by (15) also means that
it can only be revised upward (except for the resetting at the
beginning of each epoch), always storing the associated
with the best displacement seen so far for pixel .

C. Segment Buffers and Mask Generation

As described above, the functionality of the multilayer net-
work is completely dynamic: Segments appear during different
cycles, and then disappear until the next epoch. Clearly, a prac-
tical system has to buffer these to produce the output, ,
for purposes of further processing and display. Also the mask
for combining the outputs of the P and R pathways is gener-
ated over the whole epoch, and also needs to be buffered. Both
these functions are accomplished by using an indicator variable,

, which is defined as

if a neuron for pixel
has fully fired in cycle
else

(16)

For each cycle, the mask matrix and the optical flow image
output in the P pathway are updated as

(17)

where denotes the mask matrix, denotes the output optic
flow image for the P pathway, and is the displacement
corresponding to the layer of the segment active during . The
optic flow of all neurons in the segment is, thus, set to ,
and the mask is set to 1 if the average certainty of the segment
is larger than a threshold . Both and are initialized to
0 at . at the end of an epoch is the final optical flow
output of the P pathway.

Clearly, in the presence of lateral connections, a pixel’s even-
tual displacement estimate also takes account of estimates in the
local neighborhood and their certainty values. Thus, a neuron
which may not have the lowest SAD for a pixel may still be
fired if most neighboring pixels are firing at the same layer, or if
some neighboring pixels have been assigned the same displace-
ment with high certainty. The net effect is a spatial smoothing of
the optic flow. Note that, though interlayer connections are not
used in this model, the competitive 1-of- firing in each column
implies climbing and descending inhibitory connections.

VI. REGION-LEVEL MOTION ESTIMATION (R) PATHWAY

In this pathway, first, a PCNN network [21], [25] partitions
the first intensity image frame into regions of largely ho-
mogeneous intensity. Assuming translational motion in each re-
gion, the motion of a whole region is then estimated based on
the feature points with high-block matching certainty embraced
by or adjacent to the homogeneous region.

The neurons in the PCNN network are in 1-to-1 correspon-
dence with image pixels. The external input signal to the net-
work, , is the intensity of the image . As in the
P network, there is a slow time-scale indexed by and a fast
time-scale indexed by . Each cycle covers steps of the fast
time-scale, and gives the cycle index for step . The lateral
spread of activity occurs on the fast time-scale while the firing
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threshold decays at the slow time-scale. Each neuron in the net-
work can be described by [22]

(18)

(19)

(20)

if
else

(21)

(22)

where is the linking receptive field receiving only local
stimulus, is the gating potential receiving only external
stimulus, is the internal activity, is the pulse output,

is the dynamic threshold, and is the linking constant.
There are three parameters , , , and three
decay constants associated with , and respectively.
The maximum threshold is set high enough so that
no neuron can fire more than once in an epoch. The weight
of coupling between two neighboring neurons having inputs

and is , where
. As in the P pathway, each

cycle begins with the firing of at most one neuron. If a neuron
does fire, it can produce a wave of spreading activity until
the wave encounters neurons with significantly lower internal
activity (an intensity edge). The set of neurons fired during a
cycle comprises an intensity segment. As in the P pathway,
the intensity segments are buffered by an indicator variable

, so indexes segments.
The optical flow output in this pathway is initially set to

the BBME

(23)

For each intensity segment, the BBME displacement with the
maximum total certainty is assigned as the unique estimate
vector for the whole homogeneous region. First, the total BCM
corresponding to each displacement, , is computed.
Then the displacement with the maximum is chosen as
the motion estimate for the whole region

if
(24)

(25)

(26)

When the segment with the lowest nonzero intensity has fired,
an epoch is complete, and is the final optical flow output of
the R pathway.

VII. FUSING THE OUTPUT OPTICAL FLOW ESTIMATES

Fusing the output optical flow estimates of the P and R path-
ways is accomplished using the mask matrix . Regions where

have high-motion estimation certainty, and op-
tical flow smoothing functions well through the strong certainty
connections between neighboring neurons in the multilayer net-
work architecture. Therefore, we use the pixel-level pathway’s
output as the final output where . In contrast, optical
flow smoothing performs poorly where since the
certainty connections are too weak. However, since low motion
estimation certainty usually means regions with little texture,
we naturally turn to the region-level pathway to find out the op-
tical flow. The final optical flow, ,
is computed by (1).

VIII. OPTICAL FLOW IMAGE SEGMENTATION

Once the final optical flow image is obtained, it is
segmented using a standard one-layer PCNN. This is Stage III
of the system. The dynamics of the network are the same as
the R pathway PCNN, and are given by (18)–(22). The external
input signal to neuron in the network is set to

The connection weight between neuron and neuron
in its 8-neighbors is

The PCNN completes the segment by recruiting neighboring
neurons with similar optical flow vectors, and finally stopping
at significant optical flow boundaries [22], [25].

IX. RESULTS

The multilayer TIBM approach described above has been
evaluated using both synthetic and natural image sequences.
Some of these are discussed in this section. The primary focus is
on demonstrating the benefit of the TIBM approach compared
to simple block-matching. The examples presented below show
clearly that TIBM produces major improvements by combining
the complementary strengths of the P and R pathways.

A. Parameter Values

In order to demonstrate the utility and robustness of TIBM,
we considered it very important to not fine-tune system param-
eters for every example. Rather, for all the natural image se-
quences, we used the same fixed values for all the system pa-
rameters (apart from the values such as network size and cer-
tainty connection weights, which are directly determined from
the images) without performing any extensive optimization or
customization. We did use a different block size for the syn-
thetic image sequence, but again this was chosen without any
optimization. All parameter values were chosen to be “reason-
able.” This, in our opinion, demonstrates that the system can be
used across a spectrum of situations without customization.

The size of the matching block is set at 5 and 9 for synthetic
images and real images, respectively. While using a smaller
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Fig. 3. Synthetic image. (a) and (b) Image frames. (c) Optical flow based on block matching. (d) Optical flow from the P pathway. (e) Mask matrix. (f) Optical
flow from R pathway. (g) Fused optical flow. (h) and (i) Segmentation results of (c) and (g) using a one-layer PCNN.

block size might make estimates more accurate at the boundary
of moving objects or for slightly nontranslational movement, the
larger block size makes estimates more robust in the interior of
objects. The strategy of adaptively changing block size at each
location has been adopted by many researchers to improve accu-
racy [7], [11], [26]. This could be incorporated into our method
by choosing the block size generating the maximum certainty
value. However, this would add considerably to the computa-
tional cost of the algorithm, and we just use the smallest block
size that provides satisfactory results.

For the multilayer network in the P pathway, the strength pa-
rameter for the proximity connections is set at 0.02, and the
strength parameter for the certainty connections is 0.3. The
initial value is set at 1.1 and the lower limit is 0.01.
Threshold decays at rate . We use the average
block matching certainty of the whole image as the threshold, ,
for the mask matrix. For computational convenience, cycles in
which no seed neuron fires are terminated without running their
entire duration. However, this has no effect on the segments gen-
erated.

For the intensity-based PCNN in the R pathway, parame-
ters are set as follows: , , ,

, , , and . Param-
eter sets up a maximum disparity tolerated between adjacent
pixels in the same segment. For example, if we desire a connec-
tion weight of 0.6 between two pixels with intensity difference
0.2, i.e., , giving .

For the one-layer PCNN network that segments the optical
flow images, the values of all parameters are the same except
. The value of depends on the velocity differences between

objects in the image. To calculate a desired for a specific image
sequence, a rule similar to the one used for (above) can be
applied.

B. Synthetic Images

The synthetic image sequence in Fig. 3(a) and (b) has both
regions with heavy noise and regions of low texture. A 48
32 object, indicated (for illustration only) by the white outline,
moves across the 80 80 background at the speed of four pixels
leftward per frame. The upper left and lower right quarters of the
background and the upper half of the object have Gaussian dis-
tributed intensity with mean 0.5 and standard deviation (STD)
0.2. Zero mean, 0.2 STD Gaussian distributed noise is added to
the second frame. The upper right and lower left quarters of the
background, and the lower half of the object are homogenous
blocks with mean 0.8, 0.6, and 0.7, respectively. Several 3
3 patches with zero mean and 0.2 STD Gaussian intensity dis-
tribution are added to these homogeneous block at random lo-
cations serving as the feature points. Independent time-varying
zero mean 0.01 STD Gaussian noise is added to these uniform
blocks in both two frames. We truncate outliers with intensity
smaller than 0 or greater than 1 to obtain reasonably comparable
intensities across image frames. The results for simple block
matching are shown in Fig. 3(c), showing that, while the motion
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Fig. 4. Motorcycle rider image sequence. (a) First image frame. (b) Optical flow based on block matching. (c) Optical flow from the P pathway. (d) Mask matrix.
(e) Optical flow from the R pathway. (f) Fused optical flow. (g) and (h) Segmentation results of (b) and (f) using a one-layer PCNN.

estimates for some regions are good, those for others are not.
Fig. 3(d) shows the effect of smoothing on the optical flow esti-
mates in textured regions. However, flow estimates elsewhere
are still quite erratic. Fig. 3(e) is the mask matrix, showing
which areas in the image have high block-matching certainty
and which ones do not. Fig. 3(f) shows that the optical flow
from the R pathway improves significantly in homogeneous re-
gions. Fig. 3(g) is the final fused optical flow. The final optical
flows is segmented by a one-layer PCNN (Stage III), and the re-
sult is shown in Fig. 3(i). For comparison, we also segment the
optical flow obtained only by block-matching [Fig. 3(c)] using
the same Stage III PCNN. The results, shown in (3h), clearly
demonstrates the significant improvement produced by Stage II
processing through the P and R pathways.

C. Natural Images

Most of the natural images we tested involve only simple
translational motion, or slight rotation and deformation, so that
block matching is applicable.

The first image sequence we tested was also used by Çes-
meli and Wang in [7] and, thus, provided point of comparison
with that work. In this sequence, shown in Fig. 4(a), a motor-
cycle rider jumps across a dry canal while the camera is tracking
him. The rider and the motorcycle fall downward with slight
rightward movement, while the background has upward motion.
Again, we present the results of using the two-pathway approach
in Fig. 4(b)–(f). The rider is segmented well by simple block
matching because of abundant texture and low noise, but block
matching fails for the uniform region behind the motorcycle and

on the right side. The flow estimate by the P pathway [Fig. 4(c)]
also does not perform well in the latter areas. However, as can be
seen from Fig. 4(e), the R pathway estimates motion correctly in
regions where the P pathway fails. After combining the outputs
of two pathways together, the final output flow image in Fig.
4(f) is almost perfect. Following the motion estimation stage,
the optical flow is segmented by a one-layer PCNN network. For
comparison, the optical flow from block matching is segmented
as well. The motion segmentation results are shown in Fig. 4(g)
and (h). The performance of the segmentation PCNN improves
remarkably after applying the TIBM approach. Our segmenta-
tion result seems to have less noise compared to the result shown
in [7]. The reason might be that our method is more effective in
spatially smoothing optic flow through the certainty connection
between neighboring neurons. However, a definitive statement
would require much more extensive comparison.

The second image sequence is the “Ping–Pong” sequence [2],
shown in Fig. 5(a). In this scene, the Ping–Pong ball moves up-
ward, while the hand and arm rotate slightly counterclockwise
around the shoulder. The block matching has good results for
the background region, but does not work as well for the paddle
and arm, as shown in (5b). Fig. 5(c) shows the fused optical flow.
Segmentation results are shown in Fig. 5(d).

The results for the “Claire” sequence [2] are represented in
Fig. 6. In this scene, her head is bowing down, thus, causing
slight deformation in the head region, and the right side of her
body is rising up. The fused optical flow shows the optical flows
of two major body movements correctly, and the segmentation
also separates the moving parts. Figs. 5 and 6 demonstrate that
TIBM is able to segment objects with nontranslational motion
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Fig. 5. “Ping–Pong” image sequence. (a) First image frame. (b) Optical flow based on block matching. (c) Fused optical flow. (d) Segmentation of fused optical
flow.

Fig. 6. “Claire” image sequence. (a) First image frame. (b) Optical flow based on block matching. (c) Fused optical flow. (d) Segmentation of fused optical flow.

to a limited degree when the local motion approximates trans-
lational motion.

Fig. 7 shows the results for two images in a traffic intersection
sequence [1]. The four cars are the only moving objects in the

scene. The segments, although not precise, reveal the outlines of
four vehicles and their shadows. The last test image sequence is
a scene generated in our lab, where a bag moves leftward on the
table (Fig. 8). The bag is successfully segmented out from the
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Fig. 7. Segmentation result for the traffic intersection sequence. (a) First image frame. (b) Optical flow based on block matching. (c) Fused optical flow.
(d) Segmentation of one-layer PCNN.

Fig. 8. Segmentation result for the image sequence shot in our lab. (a) First image frame. (b) Optical flow based on block matching. (c) Fused optical flow. (d)
Segmentation of one-layer PCNN.

still background. The segment for the bag looks larger than the
true bag, because the bag’s shadow on the table moves along
with the bag.

X. DISCUSSION AND CONCLUSION

In the approach described in this paper, we have attempted
to address the issues of noise-sensitivity and local lack of tex-
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ture for the motion-based segmentation task. We have shown
that both problems can be alleviated to a significant degree by
using a two-path approach. A pixel-level pathway is used to cor-
rect outliers in optical flow estimates caused by the presence of
noise, while a region-level pathway is used to estimate the mo-
tion for the regions with little texture based on the motion esti-
mates of local internal and peripheral features (small regions
with high certainty.) The accuracy of the final fused optical
flow is improved by taking advantage of the complementary
strengths and weaknesses of both pathways. This two-pathway
approach represents a viable parallel distributed method for mo-
tion segmentation, and outperforms simple block matching over
a wide range of images.

We also observed some limitations of the TIBM approach.
First, of course, it is applicable mainly to translational (or
approximately translational) motion. However, this is true
of many other methods for motion-based segmentation as
well. The principles underlying TIBM can be extended to
other types of motion, but this will require different network
specifications. Second, unlike [6], [7], our method is unable
to handle transparency because only one neuron is allowed to
fire in a column. Although motion in occluded regions with
homogeneous intensity may be recovered by the R pathway,
it is impossible for our method to deal with textured occluded
regions. Another problem is that, when intensity boundaries
are adjacent to motion boundaries, the R pathway can produce
induced motion in homogeneous areas near heavily textured
objects. In general, we think that the functionality of the R
pathway can be improved considerably by using better heuristics
(e.g., partial shape matching or junction matching [6]) to estimate
motion in homogeneous regions. However, our purpose in
this paper is to simply present the principles underlying the
two-pathway approach. Finally, a serious limitation of the P
pathway is that it cannot handle regions with very regular texture.
This is, of course, a problem faced by all algorithms based
on block matching, since regular texture produces ambiguous
matches. A possible way to address this is to augment the R
pathway so that it handles regularly textured regions as well
as homogeneous ones, since the difficulties in both cases are
similar.

It is important to emphasize that we see our system as onlypart
of the solution to the much larger motion-based segmentation
task, which is itself only one aspect of the image segmentation
problem. Because of the inherently ill-posed nature of most
image analysis tasks and the high variability of natural images,
any realistic comprehensive image analysis system is likely to
require many parallel paths with complementary capabilities,
and many subsystems performing complementary tasks. If this
comprehensive system is to be implemented in a connectionist
manner, our approach represents one possible way to obtain
one of its capabilities—segmentation based on translational
motion.

Several directions for future work can be identified, some
based on the immediately preceding discussion.

1) introducing interlayer connections in the multilayer net-
work architecture, thus, enabling it to directly segment ob-
jects which comprise subregions with similar velocities;

2) improving the definition of the block matching certainty
measure;
3) developing better heuristics for the R pathway, possibly
based on also matching localized features other than small
patches of high texture;
4) including the ability to handle regularly textured regions
in the R pathway; and
5) extending the TIBM approach to nontranslational mo-
tion.
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