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1. Introduction

OUf ultimate application interest is the automated understanding of images, espe
cially non-biological images such as range or synthetic aperture radar. In this report, we
describe one aspect of the processing of such images, segmentation, and show that one can
design a neural network to perform this computation. An important st ep14 in image
analysis is segmentation. An image is an array of discrete sampled values called pixels.
An image is understood when the objects portrayed in that image are recognized'[ or at
least characterized. An object is characterized in terms of the segments of the image that
it subtends. An image segment-: 6 is a collection of pixels that satisfies certain conditions
of adjacency and similarity.

Image segmentation has been usefully viewed as a connected component analysis
which can be done very quickly19,5 using associative memory once the connectedness of
pixels is known. Connectedness subsumes the two conditions of adjacency and similarity.

Conventional measures of connectedness for computation on serial machines depend
on estimates of partial derivatives16, 9,4 of the image function. These derivatives are
estimated by convolving the image with a kernel that has to be large because derivatives
are notoriously sensitive to noise. Usually it is also necessary to fix the shape of the kernel
because the additional computational expense of dynamically adapting a large kernel to
the data is unacceptable. But when such a large rigid kernel straddles two distinct
regions, it blurs their properties. This results in boundaries that are so wide that they
must be th£nnetfl, or so broken by gaps that they must be closed17, 18. Closing and thin-
ning are typically ad hoc and often sub-optimal.

1.1. Design of a Neural Network for Segmentation

It is easy to construct a Lyapunovl ' or energy function E and therefore a
Hopfield13,11 or Boltzmann2, 7 neural model which will compute an optimal (or near
optimal) segmentation in the precise sense of minimizing E. We have simulated such a
Boltzmann segmenter with encouraging experimental results that are briefly summarized
in the appendix of this document. In the remainder of this section, we will discuss the
theoretical definition of this problem, the design considerations of the neural network,
and some generalizations of the consequent segmentation algorithm.

Consider first the problem of optimally segmenting a one dimensional image of possi
bly noisy pixels (such as a profile or a raster line of a range or luminance image). We take
the image to have the form

x=N
{x,z=f(x)} ·

x=l

Optimality is defined in terms of the energy

Etot '

which is a function oi the joint state of SN neurons
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~=S'1,=N

{Va (x)}
~=1 '1,=1

In a Boltzmann model, each V" (x) can assume either the value of 0 or 1. In the case of
two segments, we set 8=2, and say that when V1(x)=1 and V2(x)=O the pixel at z is in
segment s =1. If the state values are reversed, then the pixel belongs to segment 2. Other
state values do not correspond to physical assignments.

In the elaboration of Etot ' we will specify a minimum feature size r for segments in
order to specify the tradeoff between segment resolution and noise tolerance. We must
also define similaritu precisely in terms of some analytic function to which we require each
segment conform. The simplest function is the constant function; it results in segments
optimally described as plateaus. We will choose a linear model which leads to optimal
straight line segments. We could have chosen a quadratic model to allow smoothly curv
ing segments. Finally, we have some freedom in the definition of the adjacency of pixels.
The set of pixels that interact with the pixel x defines the neighborhood of z . We arrange
our neural net to have the same topography as the original image so that adjacent pixels
are represented by adjacent neurons. We assume no a priori knowledge about the loca
tion of features in the image, and will define the neighborhood of any z in terms of a fixed
set of displacements, {v}. For consistency with the previous specification of a minimum
feature size r, we must choose {v} to have a radius on the order of r . We can reduce the
number of interconnects and therefore the hardware complexity by using the sampling
theorem to determine the sparsest acceptable set {v} necessary to reproduce the image sig
nal: We take the set {v} to be uniform with spacing on order of r.

We now construct an energy function over the joint state of our 2N neurons (that is,
over all segmentations) which will be minimized by the desired segmentation. We will
find three contributions to this energy. We will need an exclusion term to prevent a pixel
from being assigned to more than one segment. We will use a cohesion term to suppress
small segments. And we use the image to construct a consistency8 term that penalizes the
assignment of a pair of nearby but dissimilar pixels to the same segment.

The exclusion term
N

E ezcl = 2: VJ = 1( X ) V~ =2( X )
x=1

includes a contribution from each pixel that penalizes non-physical configurations with
pixels belonging to both segments. In the Hopfield modelll , where the state of the neuron
varies continuously in [0,1], we would have to modify the exclusion term somewhat. The
exclusion term limits the physically acceptable solution state space as a subset of the com-

putational state space.

The cohesion term is a sum over adjacent pixels
LV S

Ecoh = - 2: I ~j (x ) v; (x + 1)
:=13=1

that favors configurations in which adjacent pixels have the same label.
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In our current model, the actual image is represented in the consistency term
:.=N 8=5

Econ8 = 2: 2: 2: V,,(x)V,,(x+v)P(x,x+v),
x=l {v} ,,=1

where the penalty function is

y

P(x,Y) = flf(t)-M(x,t,Y)ldt.

The term in absolute value is the discrepancy of the actual pixel value at t from its value
as predicted by the model M( x, t , y) based on the values at x and y. In our linear case, the
model

M(x,t,y) = f(x)(y-t)- f(y)(t-x),
y-x

is the usual linear interpolation formula. P (x ,y) can be understood as the total
discrepancy of the actual values of pixels in the interval [x, y] from their predicted values.
This penalty P (x, y) only contributes to Econs when the pixels at x and yare in the same
segment: when V,,(x)= V,,(y)=l for some s.

Now the total energy for the network is

Etot = A Eexc1 + B Ecoh + C Econ8 '

The values of the three coefficients A ,B and C are difficult to predict theoretically. How
ever we have experimentally determined that the performance of our network is not very
sensitive to the values of these weights. It appears that simulated annealing makes the
Boltzmann net tolerant to a wide range of values. The final low temperature stable state
is robust to variation of these coefficients. We believe that the final high gain stable state
of the analogous Hopfield model will perform similarly if the search for final states is pur
sued from the low gain limit.

It should also be noted that a degenerate state
,,=S1.=N

{V" (x)= O} ·
,,=1 1,=1

exists for an unbiased network strictly governed by the energy equations derived here.
This state is avoided by biasing all neurons toward the "1" state in a fashion analogous to
that described by others12.

1.1.1. Using the Neural Network in a Segmentation Algorithm

We have used the standard simulated annealing procedurev' to study the operation
of this neural network as it constructs a segmentation from various input images. The
appendix contains an example of simulation results from a pilot study of segmentation in

I-dimensional space.
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1.1.2. Generalization to Several Segments in Two Dimensions

Although we have called this a segmentation algorithm for two segments, in fact it
will label any number of segments alternately with 1 and 2 whenever they satisfy the
other conditions of optimality as discussed previously. It is easy to apply this algorithm
to multi-segment images by regarding its output as a coloring of the image rather than a
segmentation. In fact, it is a 2-coloring, but since any linear map is 2-colorable, our two
segment model is sufficient. If we now say that two pixels are connected if they are adja
cent and if they have the same color, we can complete the segmentation with the con
nected component analysis discussed above19.

The segmentation of two dimensional images is formally similar to the one dimen
sional case. The elements of the minimal interconnection neighborhood N are related to
cylindrical Bessel functions, but are data independent constants used to reduce the
hardware complexity at design time in the eventual VLSI fabrication. It is known that
any planar graph is 4-colorable and this suggests that S=4 is appropriate for the general
two dimensional case. However, it appears that the errors incurred by a S = 3 system may
be tolerable. In any case, we have not yet investigated the tradeoffs between coloring
errors and the complexity of networks with larger S .

2. Appendix

Here we illustrate the simulation of a neural network designed to segment data in 1
dimensional space. The diagram below illustrates a 4 neuron section of a larger 64-neuron
network. This figure illustrates only one of the network configurations that can be used
for segmentation. Each row of neurons represents a different segment. In this example, a
two segment classifier is implemented. Each neuron within a row represents a different
pixel, located at a different position along the z dimension. Each neuron in a column
represents a different segment but the same pixel and x position. There are three types of
interconnections between the neurons. The respective weights (ie. synaptic transmission
coefficients) of each type of intercopnection are labeled: ~Vezc/' Wcoh , and Wcan" (x). Each
type of interconnection is directly, related to one of the three energy terms (Eexc/ ' Ecoh '

E (x)) described in an earlier section of this proposal.can"

1c Because in section 2 we chose to define the desired final state state of the network as a mimrnurn of ~nl?rgy. 1

positive (penalty) weight in section 2 corresponds to an inhibition here.
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Figure A.I
Representative Section of a Neural Network Segmenter.

The We%cl exclusion connections are columnar and inhibitory and thereby reduce the
probability that a pixel will be assigned to more than one segment. The Weon cohesion
connections are to adjacent neur~n_s within the same segment (ie. row) and are mutually
excitatory. These connections cause.nearby pixels to be assigned to the same segment if
no other connections (eg. the WconJ (x) connection) cause a reversal of classifications.

The Wean' (x) consistency connections are inhibitory and occur within the same seg
ment. In contrast to the other two types of types of connections, the WconJ connection is a
function of x . This type of connection is particularly significant because it is used to
discriminate between different segments. The network is driven to classify two intercon
nected pixels to be from different segments if the connection is strongly inhibitory. In this
example network configuration, the WC0 1ll connection "jumps over" or spans two inter-

"vening neurons (ie. v= 3). This type of connection is only strongly inhibitory when the
input data, f (x), from these intervening positions is not well modeled by a straight-line
segment. Specifically, the inhibitory strength of a particular Wcoru connection is large if
f (x) for intervening z-positions cannot be well predicted from a linear interpolation using
f (x) measured at the two" endpoints" of the connection.

For this example of neural network simulation, we used an idealized input function
which is plotted in the following illustration. The data could represent idealized measure
ments of luminance or depth. Directly below the graph is a diagram of 16 of the 64 neu
rons contained in the simulated network. The neurons are aligned directly below the
corresponding data points in the graph. The results of the simulation are represented by
the shading of the individual neurons. The unshaded neurons were "on" (ie 1/ = 1) at the

end of the simulation.
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In this example, the neural network was simulated using the Boltzmann mooe1 7 with
simulated annealingl-'. Initially the temperature was set very high, such that all model
neurons had an essentially equal probability of being "on" or "off". The temperature was
slowly lowered to zero so that an optimal or near-optimal solution could be obtained from
the network. Each neuron's input-output function was the same:

V = 1
1 + e-( Yin +0.5)/T

where T is the temperature and

Yin = '" ui.. V·~ IJ I

i*j

where Vi are the outputs of the other neurons. The 0.5 constant is equivalent to an exci
tation bias which will drive the neuron It on It if strong inhibitory inputs are not active.
Weon" (x) is calculated from the input data. The pertinent synaptic transmission
coefficients for the simulation are listed below:

{v} = 3, -3

Weoh = + B = 0.4

C P(x,x+3) = - .33 P(x,x+3)

Weon,,(l) = 0

W eon" (2) = 0

Weon" (3) = - 0.333

Weon,, (4) = - 0.167

Weans (5) = - 0.333

Weon"(6) = 0

Weon" (x >6) = 0

In the future simulations using a system of non-linear differential equations12 will, . .
extend this simulation study to more accurately model proposed '!LSI implementations.
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Figure A.2
Example of Segmentation Network Simulation
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