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Figure 15. Range image and elevation graph of the M114 tank.
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Figure 16. Range image and elevation graph of the M60 tank.
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VI. NEURAL NETWORKS

History

Two fimdamcntally different approachcs to information processing are Neurocomputing
and programmed computing. Neurocomputing is the technological discipline concerned
with information processing systems that autonomously develop operational capabilities
in adaptive response to an information environment. .Programmed computing, on the
other hand is based on algorithms and set rules. Neural networks come under the field
of Neurocomputing. The area of Neurocomputing started when researchers attempted to
emulate the human brain. The models developed were called neural networks for the
biological neurons from which they were modeled. The field then diverged into two primary
areas of research: (1) neurobiological network models, which are computational models of
biological nervous systems, and, (2) artificial neural networks, which are biologically inspired
mathematical models having technical applications. Artificial neural networks (ANN’s) are
also called parallel distributed processing systems or connectionist models. This research is
concerned with ANNS.

The beginning of Neurocomputing dates back to 1943, when McCulloch and Pitts [30]
showed that even simple types of neural networks could in principle compute any arithmetic
or logical function. Other researchers, principally Weiner and Neumann [31], suggested that
research on computers inspired by the functioning of the brain would be fruitful. In 1949
Hebb wrote a book entitled “The Organization of Behavior” [32], which carried further the
idea that classical psychological conditioning in animals is a property of individual neurons.

The first successful neurocomputer, the Mark I perceptron, was developed during 1957 and
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1958 by Rosenblatt, Wightman, and others [33]. Due to his many contributions in this field,
Rosenblatt is often considered the founder of Neurocomputing as known today. Shortly after
Rosenblatt, Widrow developed a different type of neural network processing element, called
ADALINE [34], with a new learning law, which is still in widespread use. However, these
early successes in Neurocomputing were followed by a period of stagnation, partially as
a backlash against the hype associated with them. During the period from 1967 to 1982
very little research was carried out in artificial neural networks. Associated research in the
fields of adaptive signal processing, pattern recognition, and biological modelling, however,
remained active during this time.

In the 1980’s there was a revival of interest in artificial neural networks, and extensive
research since then has been investigated in this area. One person responsible for this
resurgence was Hopfield, an established physicist who wrote some very interesting papers
on neural networks [35], and lectured widely. In 1986, “Parallel Distributed Processing,
Volumes I and II”, edited by Rumelhart and McClelland were published [36], and in 1987
the first open conference on neural networks, the IEEE International Conference on Neural

Networks, was held in San Diego, marking the coming of age of this field.
Introduction

Artificial neural nets are most often used as pattern classifiers. They perform a mapping
from an input object space to an output classification space. The input-output relation is
learned by an iterative optimization procedure, where the error between the input and a
corresponding desired output is minimized. This is called the “training” phase. The data
used for training should be statistically representative of the data to be classified, to obtain

good results. Neural nets can be fairly good at determining complex relationships between
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input data and classification representations. Although neural networks do not have a very
rigorous or broad mathematical foundation, they have been used to solve a wide variety of
problems and have produced very acceptable results in many applications. They have been
used for pattern recognition, speech and image processing, data forecasting, and many other
tasks. Lipbmann [37] gives a tutorial on a wide variety of networks for pattern classification.

A neural network is a parallel distributed information processing structure, consisting
of processing elements or nodes, each of which can possess local memory and carry out
localized information processing operation. A network can have one or more layers, each
layer consisting of one or more nodes depending upon the architecture of the network.
Nodes in different layers are interconnected through connections or weights. The nodes in a
layer may be connected to nodes in other layers, or to each other, or both, based upon the
connection scheme used for that particular neural net. Information processing at a node can
be defined arbitrarily with the restriction that it must be completely local, i.e., it must depend
only on the current values of the input signal arriving at the node via impinging connections,
and on values stored in the node’s local memory. Each node has a single output that may
be passed onto as many other nodes as is desired.

The basic design principles of neural networks are based on the following three important

properties:

»  Adaptivity — This is the ability to encode information in a meaningful way by means

of an adaptation rule.

* Fault Tolerance — In pattern recognition, terms this implies the ability to recognize

noisy patterns.

+ Parallel Processing — This is associated with neural networks because of their ability
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to operate in a purely distributed fashion.

While fault tolerance and parallel processing are features commonly shared by a wide variety

of computing devices, adaptivity is a feature unique to neural networks.

Connection Schemes in Neural Networks

There are four basic types of connection schemes between nodes in a network that

indicate the flow of data within the net. These are:

Feed forward — The network accepts data from the input nodes and passes it on to the
output or next layer of nodes. Data flows only in the forward direction and only once.
» Recurrent — The network allows data to flow from the node to itself.

» Feedback — The information between nodes can flow forward or backward, that is,
from the output nodes to the input nodes.

« Recursive — The network recursively iterates in the feed forward or feedback process.

Learning in Neural Networks

This is a mathematically defined process by which the weights of a network are
changed. Learning occurs in networks that are recurrent and/or have feed forward or feedback

connection schemes. There are two types of learning a net can undergo. These are:

e Supervised Learning — The network is provided information from outside to help make

adjustments in weights. This information includes:

a. The desired output and an error criterion.
b. When to terminate the training process, eg., after how many iterations, or after what

error level.
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c. The number of times the data must be presented to the net during training.

Examples of this are error correction learning, backpropagation, and stochastic learning.

*  Unsupervised Leamning — This is a process that relies only on information available
internal to the net. This allows natural groupings of the data to form by themselves

using predefined similarity measures. One example is the Kohonen net.
Methodology of Operation

To illustrate the nature of neural networks we describe briefly a classical neural net
architecture known as the perceptron. This is mainly of historical importance now as it has
since been superceded by other, more powerful networks.

Perceptron: This is a neural network that consists of one or more of the processing elements
or nodes shown in Figure 17. For simplicity, we next describe the operation of a single
perceptron processing element. Figure 18 shows the classification problem we are trying to

solve using the perceptron. We have two classes of patterns, class 0 and class 1. A pattern is

y
w W w \"
0 1 2 n
a= 1 a a a

Figure 17. Single processing element of a perceptron.
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simply a point in n-dimensional space, where the coordinates of the points represent attributes
or features of the object to be classified, such as height, weight, density, or frequency. In
order to be classified correctly by the perceptron, the two classes must be separated from
each other by a simple linear hyperplane. In 2-dimensional space, a hyperplane is a line,
in 3-dimensional space it is an ordinary‘plane, and in n-dimensional space it is called a
hyperplane residing in (n-1) dimensional space. A set of classes having this property is
termed linearly separable. The goal is to find a set of weights or coefficients wg, wy,
Ww2,.....,Wn Which de.termine a unique hyperplane such that the output of the perceptron is 1
if the input pattern vector (xg, X1, X2,.......xn) belongs to class 1, and 0 if the pattern vector
belongs to class 0. The value y at the output is calculated as shown in Equation 3.

n
1 if Z w;*z; 2 0
y= o 3)
0 if Swi*xz; <0
i=0
The weights are stored in the node’s local memory and are automatically modified by the

node itself using the perceptron learning rule. We represent the weight w; as the strength

Xn
Class 0
°
° . .
‘. .....
e® o \ °o, o
oo ® ® o
— o I_._' X,
0..
°
Class1 o
Hyperplane

Figure 18. Pattern classification problem in n-dimensional space.
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of the connection from input node i to the single output node. The learning process for
the network is simply the methodology by which the weights are changed to produce the
correct classification results. During training, the perceptron is given a sequence of randomly
selected patterns, one at a time. A pattern is represented by a vector a. Each time a training
pattern is f)rcscnted to the perceptron, the system is also told to which class, 0 or 1, it belongs.

With each input vector, the weights are modified using the equation
whe? = wold + ('l/d _ 'y)a
- . b 3

where Y is the correct class number for input a, and y is the output of the perceptron. The
idea behind the learning rule is that if the perceptron makes an error in its output, that is,
if y¢ — y s£ 0, then this indicates that the solution hyperplane needs to be reoriented so as
to not make the error in the future. If the error is zero, the weights will not change. Once
training is completed, the network weights will not change anymore. The neural net can then
be tested on patterns which were not present in the training set.

Most neural networks are more complex in nature then the perceptron, and can have a

variety of architectures. The architecture of a neural net is based upon:

e The number of information processing layers.

* The number of nodes in each layer.

» The connections between the layers. The nodes in two consecutive layers can be fully
or partially interconnected.

» The equation determining how the new node value is calculated at each layer.

» The learning rules for all the layers in the net.

Due to the flexibility provided by these factors, neural networks can be applied to a variety of

tasks such as business analysis, forecasting, signal and image processing, pattern recognition,
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and medical diagnostics, to name just a few. In the next section, one of the more popular
neural nets called the backpropagation neural net is described in detail. This particular net

forms the basis for the architecture of the FIANN.

Backpropagation Neural Networks

Backpropagation nets are capable of implementing a broad variety of tasks, including pat-
tern association, pattern classification, image compression, data compression, robot control,
and function approximation tasks. It is a powerful network that has been applied successfully
to solving many different types of problems.

There are two phases in the operation of the backpropagation net. The first phase is the
training phase, during which the weights are iteratively updated, and the second phase is the
recall phase, where the weights are held constant while the net simply calculates output values
for classification purposes. The backpropagation network follows the feedback method of
connection and uses supervised learning methods. It uses a layered hierarchial architecture
of simple nodes with a high degree of connectivity between layers. Connections are allowed
between two adjacent layers, but connections within a layer are not allowed. A schematic
diagram showing a two layered feed-forward network with full connectivity is shown in
Figure 19. The backpropagation algorithm does not require full connectivity of adjacent
layers, so partial connections between layers are allowed. Further, weights or connections
that skip one layer are permitted. The major restriction is that information in the net can
only flow forward in the layer hierarchy, not backward, laterally or recursively. The network
architecture consists of one input layer, one or more hidden layers, and an output layer.

The input layer performs no processing on its inputs, but merely serves to distribute

them to the first processing layer. Following the input layer are the hidden layers, so called



Input Layer
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Figure 19. Fully connected backpropagation network.

because they receive no input from, and produce no output to, the outside world. Finally,
the output layer produces the output results of the network for the user. In designing the net
architecture, the number of input nodes are fixed by the number of input variables needed
for the task, and the number of output nodes are fixed by the number of values or classes
that are desired. Each node in the network receives one or more inputs from the outside
world or from preceding layers, and produces a single output value, which is broadcast to
other node inputs in succeeding layers as determined by the connection scheme. Each node
[ in the first hidden layer calculates its state value via Equation 4. This is simply the dot

product of the node’s weight vector with its input vector, together with an additive bias §:

n
b= wyi v aj +0. @

i=1
Here, a; represent the value at node j in the input layer; wj; represents the corresponding
weight applied to that input; 6 is the offset or bias term for the node, and » is the number
of connections to node i. Next, node i’s output is obtained by passing the value b; through
a non linear function called an activation function. Typical functions include the sigmoidal

function given in Equation 5. For the backpropagation network, the activation function must
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be continuously differentiable and monotonically increasing.

1.0

~ 10 +e~bi ©)

G

Here, c; is node i’s output, and b; is as in Equation 4.

Learning in Backpropagation Nets

These nets are used to implement supervised learning tasks for which a training data set
consisting of input and desired output pairs is available. All backpropagation nets learn by
approximating a unidirectional mapping from an n-dimensional input space R", where n is the
number of input variables, to an m—dimcnsion'c.ll output space R™, where m is the number of
voutput variables or classes. The network updates the weights wj; using error feedback from

the training examples. One common measure of error is the mean squared error, defined as
1 n m
d
E=-3 |3 (di-e)|, ©
i=1 |j=1
where c",-j represents the correct output value for pattern i; ¢;; is the value calculated by the
net with its current set of weights; m is the number of output nodes; and » is the number
of training patterns.

To minimize the error in Equation 6, we first obtain the partial derivative of the error
with respect to each of the weights as follows:
i =k x —.
Aw * D

The backpropagation learning law, also called the generalized delta rule, is given by:

ij; =17%* (5,' * bj,',
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where bj; represents the jth input to the ith node on that pattern presentation; 7 is a stepsize
parameter that controls the rate at which the change in weights takes place; and §; is the
“delta” term representing the error for the ith node. The weights are then updated following

the gradient as follows:

new _ ,.o0ld .
wJ = wj,- + AwJ,,

where §; for an output node is given by

o; = (c:l - c,) [ci(1 — ¢)]- @)

Here, the second term [c;(1 — c¢;)] represents the derivative of the sigmoidal activation
function with respect to the net input.

The first term in Equation 7 can be specified directly for an output node but not for a
hidden layer node. For hidden nodes, it is defined recursively in terms of the delta values of
the nodes above it. The §; values are passed back through the synapses, or “backpropagated”
so that the error value for a hidden layer node i is taken as a weighted sum of the errors of
the nodes in the layers above to which it is connected. This is given by

8 =[ei(1 — )] D wji * 6, (8)
i=1
where wj; is the weight on the output line of node j to node i; §; is the delta value for node
J in the layer above; and n is the number of synapses for node i.
The architecture for the FIANN is similar to the multilayer perceptron with backpropa-

gation. The next chapter describes the FIANN and the theory associated with it.
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Vil. FUZZY IMAGE ALGEBRA NEURAL NETWORK (FIANN)

Classical neural networks combine the information at a particular node as follows:

. N
a=f| ) wia;

i=0
where c; is the output node value at upper level node 7, a; is the node value at a lower node
J, wji is the connecting weight between i and j, and f is the activation function.
The activation function of the FIANN is motivated by the generalized mean, and is
useful for defining generalized template operations. This is because the generalized mean

can represent both linear and morphological operations. The generalized mean for a set of

numbers {z;}]_, is given by:

n /P
g(z1,z2...... Ty) = [Z w,-a:f)]

i=1
Here, z; € [0.0,1.0], represents the input fuzzy class memberships, and w; can be viewed
as relative importance factors for different criterion. Further, we must have r; + zo +
......... +z, = 1 [38].

One of the properties of the generalized mean that makes it attractive is that the mean
value always increases with an increase in P, that is, if —co < P < +o0, then we can obtain
all values from the minimum to the maximum of the data set. Thus, the whole range of
fuzzy operations from intersection to union and anything in between can be approximated.
An interesting feature is that P = —1 gives the harmonic mean, P = 0 gives the geometric

mean, and P = 1 gives the arithmetic mean.
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Governing Equation for the FIANN

We first define the operands involved in the fuzzy image algebra neural net. Let X =7
x Z be the coordinate set, where Z is the set of integers. An image on X with values in the
closed interval [0,1] is a function a: X — [0,1]. A template on X is a function #: X — [0,17%.

The maximum support, Sg, of the template ¢, and its minimum support S; are defined by
Siltis) = {(5)eX :tgy #i}  i€{0,1} ©)

In this thesis we use the subscript ji to designate (j,i) for templates, to ease the notation.
The governing equation for the fuzzy image algebra neural net is given by: b = a Dy,
where

1/P

b; = Z wji *# [l — tj; + a,,']P (10)
1€Su(tj)NS1(¢5)

Here, b represents the weighted fuzzy erosion of image a with a parametrized template group
g given by : g = (¢, w; P), where w and ¢ are image algebra templates, and P a parameter.
Here, a is an image with values in [0,1]. The supports Sp and S; are as defined in Equation 9.

The generalized mean has two important properties which make it a very flexible operator
and very useful in pattern recognition problems. These two properties when applied to the
operation of weighted fuzzy erosion give the following two important results. These are

as follows:

1. Fuzzy erosion property: The first of these properties is as follows. Let N; =

{Su(t;:) N S1(tj:)}, that is, all the points where #; is not equal to either 0 or 1. Then
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|Nj| denotes the cardinality of the set Nj. Then if
1

wii =
NG|

and P— —o

for all i, ]

then ¢ — a @ ft.

Here d = a (Al st represents the fuzzy erosion of image a with template ¢ and is defined by:

dj = /\ (1 — tji + ai).
i€S1(t;)

The ramp function r(z) is defined by:

0 z <)
r(:z:)={:z: 0<z<l.
1 1<z
See Figure 20 for a graph of r. In effect, the weighted fuzzy erosion represented by b should
approximate the fuzzy erosion ¢ of image a with template ¢ when the above conditions are
met.

2. Convolution property: The second property is if P =1, and t;; = 1 for all i, j, then

c=aPuw,

which is given by:

¢ = E a; * Wj;.

{€Su(wj;)

If w is translation invariant then a @w represents linear convolution.

Figure 20. Ramp function r.

n(x)
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These two properties of the generalized mean make the activation function of the FIANN
very interesting. They show the wide range of operations that can be obtained from this
function, from linear convolution to fuzzy erosion. However, the key point in using this
activation function is that it is differentiable. This allows us to derive a gradient descent
learning dlgorithm using the chain rule, to train the network.

The weighted fuzzy erosion between a and g is carried out over an image area which
represents the intersection of the maximum and minimum supports of ¢.

The input to the network is an image. We train on N pairs of data, each pair consisting
of an image a; and a desired output d; ; k = 1,...N. We wish to find a tefnplate group g that

minimizes the sum of the squares of the difference between the actual and desired output:

N
E=) Y EiGJj)
k=1 (i,j)eX
where

Ey(i,5) = [(ax@lg — di)(.9)]

di. = a; A f{,

1n

and where ¢ is the ideal template for fuzzy erosion.
Learning Schemes

A number of different algorithms were implemented to train the FIANN. Initially the
network was tested for its convolution and erosion properties. Three learning schemes were
implemented. Gader suggested gradient descent as a learning scheme [1]. Two other learning
schemes used were stochastic learning [39] and simulated annealing. These three schemes

are now described in detail.
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Gradient Descent

1. In this method the cost function is minimized by following the gradient of E.

1.

4.

Algorithm:

The templates ¢, w are randomly initialized to values in [0,1]. Parameter P is
randomly initialized to some largé negative number.

Training pairs of input image a; and desired output image d; are presented to the net.
Error E is calculated and generalized template ¢ modified using the gradient descent
learning rules.

Steps 2-3 are repeated until error falls below acceptable level.

3. Training Rules:

For Template w: The weights wj; are updated following the gradient of E as follows:

o o OF
wif® = wi —m Py (12)
where
N
OE _ N Ji
o0 = (7 -4) 5
and

afk _ 2wj; (fl') 1-P (7‘[1 —tj; + ai]P — (f}') P) .

uji  pllul’
Further, the value of a%,k‘. is nonzero only when r(1 — t;; + a;) € [0, 1], and this holds
true for all the partial derivatives. The computation of %t% and %6;— is the same as
for wj;.
For Template #: Learning equations for template ¢ are as follows:

OFE

e = ol _ ==
7 7 at,-,-

(13)
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afF  —2wji [ \1-P)/P P-1
at_“' - "w"2 (f ) (T[l - t]; + at] ).
The value of the parameter 5 can be determined by the training set size [40]. Thus,
if we have three classes of data and the number of training images in each class is

a, b, c respectively, then the value of 7 is determined by:

15
TVt

o For Parameter P: The equations for updating P are as follows:

OF

new _ pold _ Y
p? =p Uy 14
where
af* (fk)lgp Who 0 GNP, g\P x\F K\
9P = P? 2"11,”2("11"') in(m3:) —(f) ln((f) )’
and where

’mJL, = 1'[1 —tji + a,-].

Stochastic Learning

1. In this method we randomly perturb one of the weight vectors, and if the resultant
cost function is lower we select this vector and start gradient descent at this point. This
technique allows us to move about in the error space and jump out of a local minima [39].

2. Algorithm:

1. The templates f, w are randomly initialized to values in [0,1]. Parameter P is

randomly initialized to some large negative number.
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2. The initial error E° is calculated.
3. Small random changes are made to one of the templétes t, w or to parameter P,
using the following equations:
Y =0 £ 5
wif? = wit + 6,

Prev = Pold + (SP
Here ¢ represents the small incremental change in the weight vector for the templates

or in the parameter P. The value of § can be the same for both the templates and P
or can be different. However within each template the incremental value is constant,
ie., the entire weight vector is perturbed by the same amount. The decision to
increase or decrease the value is taken randomly. The new error E™®” is calculated
based on the new weights.

4, If E™ < E°“ then goto step 5. Else repeat step 3.

5. Keep the new weight set and discard the old.

6. Gradient descent is carried out for a fixed number of iterations.

7. Once error falls below some predetermined acceptable cost, we end training, else
return to step 3.

8. Steps 3-7 are repeated until error falls below the acceptable level.

Simulated Annealing

1. Simulated Annealing is a combinatorial optimization method that minimizes “cost func-
tion” or error.

2. Algorithm goal: To minimize cost function E

a. Initialize control parameter Ci, and values ¢, w and P.
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b. Compute initial cost E°.

c. Randomly change P, or one element of ¢, or one element of w. Compute E™" with
this new weight vector.

d. Let AE = Enev — Eold_ If AE < 0 then accept new values of ¢, w, P otherwise

acbept them with probability,
——AE - - -
p = e “ Metropolis Criterion.

(Generate 8 ¢ U[0,1], uniformly and randomly. If p>3, accept the new state,
otherwise retain old state.)
e. Repeat steps 2—4 a fixed number of times.

f. Decrease C; and repeat until C; = 0 and error falls below an acceptable minimum.

Simulated annealing will in theory converge to the optimal solution, but in practice this
does not always happen. This method produces much smaller jumps in error space than in
the case of stochastic learning, but it also allows the net to jump out of a local minima when
it accepts a weight vector with a higher cost.

All three methods had different degrees of success in testing the properties of the
FIANN. However, for the target classification problem, a combination of gradient descent

and stochastic learning was used and produced the best results.
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Vill. NETWORK ARCHITECTURE AND TRAINING

In the design of an FIANN, an infinite number of architectural models are possible. For
a particular classification problem, the net’s input and output layers will be constant. The
number of input nodes will depend on the data and the number of parameters we wish to train
on, while the number of output nodes will be dictated by the number of classes or the type
of output desired. Thus, the greatest variability exists in the backpropagation nets hidden
layers. The net can have one or more hidden layers and as many nodes as is desired in these
layers. For the ATR problem, several different architectures were implemented before the
final architecture was determined.

There were two stages to the research. In the first stage the nets properties were tested,
while in the second stage the FIANN was used for target classification. We now describe -

the particular network architectures used for the two stages.
Stage I: Testing the FIANN’s Erosion and Convolution Properties
Architecture

In this case, the net is trained on a pair of images, an input image and a desired output
image. To test the erosion property the desired image used is an image eroded with an ideal
template. Similarly for testing the convolution property the desired output image consists
of the training image convolved with an ideal template. The network architecture remains
the same for testing both properties. A network architecture with a single input-output layer

is used.



54

The number of nodes in the layer is equal to the number of pixels in the image. For
instance, if the image is of size 16 x 16, then the number of nodes in the layer will be 256.

This architecture is shown in Figure 21.

Training

1. Convolution property: To test the FIANN’s convolution property, the above architecture

was used and the net was trained using gradient descent rules as given in Chapter VIIL

2. Erosion property: All three training schemes given in Chapter VII are used to test this

property. Comparative results are given in Chapter IX.

Stage II: Using the FIANN for Target Classification

The second stage of the research, after verifying the nets erosion and convolution
properties was to test the nets classification abilities. The FIANN was used for classifying the

tanks in LADAR tank data. A network architecture somewhat similar to the backpropagation

Output Image Values

Input Image Values

Figure 21. Network architecture for the FIANN in Stage I
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net was used, but with different training rules. We now describe the architecture and training

in detail,
Architecture

This net has an input layer, one or two hidden layers and an output layer. The architecture

for each layer is determined based on several factors which are now listed.

1. Input Layer: The number of nodes in the input layer corresponds to the number of pixels
in a 30 x 50 elevation image, taking values in the closed interval [0,1]. Thus, the input
layer has 1500 nodes arranged in a 30 x 50 size grid. To facilitate feature discrimination,
the image is divided into a number of overlapping subimages of size 6 x 8. All the
subimages overlap by two rows and two columns, except at the edges. The row-column
overlap for a subimage in the center of the main image is shown in Figure 22. Other

subimage sizes that we experimented with were 5 x 7, and 10 x 12.

2. Hidden Layérs: Either one, or two hidden layers are used.

a. Hidden layer 1: The number of nodes in the first hidden layer is determined by the
number of subsections of the input image. All the pixels from one subsection of
the input image are connected to one node in the first hidden layer. For instance,
when the subimage size is 6 x 8, then the 30 x 50 image gets divided into 56
subimages. Thus, in this case the first hidden layer has 56 nodes. Further, a limited
interconnection scheme is applied between the input layer and the first hidden layer.
Each node in the first hidden layer is connected to the 48 image pixels from one

subsection, and to no other pixels. This hidden layer approximates the operation
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of linear convolution in order to learn the features of different sections of the input
image.

Hidden Layer 2: This is implemented in two different ways.

* Partially connected: Four nodes from the first hidden layer are connected to one
node in the second hidden layer. This is used so that the net can learn input
image features more efficiently. The four nodes from the first hidden layer are
selected so that they represent four adjacent subsections of the input image. This
is shown in Figure 23. Thus, for an image size of 30 X 50, and a subsection
size of 6 x 8, the second hidden layer will have a total of fourteen nodes.

* Fully connected: Eight nodes are used in the second hidden layer, and these are

]
R

s v
AR Vatate

L

D 6 x 8 subsections

1 pixel

Overlapping pixels

Figure 22. 6 x 8 subsections of 30 x 50 input image.
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fully connected with all the first hidden layer nodes. This second layer acts as an
aggregation layer where the feature information from the first layer is collected

and learned as one cohesive unit by the net.

3. Output Layer: This is the final decision making layer and the number of nodes are
determined by the number of output classes desired. For instance, for four classes, three

tank and one nontank, two different architectures can be used.

a. The output layer can have one node for each class, that is, a total of four nodes.
b. Use a binary scheme, whereas four classes can be represented by just two nodes as

shown in Table 2.

Due to the variations possible in each layer, several different architectures can be imple-
mented. Some possible schemes are given in Table 3.
Of all the schemes possible, two are now explained in detail. The first of these uses two

hidden layers, while the second uses only one hidden layer.
Training
Using two hidden layers

The architecture for the net is shown in Figure 24. The net is trained as follows:

Table 2 Classification values at the output layer.

Class Output node 1 Output node 2
Tank 1 Low Low
Tank 2 Low High
Tank 3 High Low

Nontank High High
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1. An elevation image of size 30 x 50 with values in [0,1] is input to the first layer of
the net. The image is divided into subimages of size 6x8 which overlap with adjacent

images by 2 rows and 2 columns.

a. [Each of these subimages is connected to one hidden node in the first hidden layer.

Hidden

Nodes (14) or (8)

Input —p
Nodes (56)
6x8
--------------- 1-71/] / //l /
sub A T
SOCthﬂS */1 / 30 x 50
/ / / / / [ ™ e
Image
................... 6 x8
............... — / 4 subsecnons

Figure 23. Connection scheme for hidden layers.

Table 3 Architecture schemes for target classification.

Input Layer Hidden Layer 1 Hidden Layer 2 Output Layer

1500 56 - 2
14 (partially

1500 56 2
connected)
8 (partially

1500 56 2
connected)

1500 56 8 (fully connected) 2
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This layer has a total of 56 nodes. A simple linear convolution is performed between
the subimage and the node to combine the information from all the data points in the
subimage. Multiple template groups are used for the image, one for each subimage.

Let these be represented by gl = (¢1, wi, PI). This layer extracts the image features.

» Partially connected: Four successive first hidden layer nodes are connected to

one second hidden layer node. The multiple templates used here are represented
by g2 = (2, w2, P2).

» Fully connected: For fully connected nodes only one template is used.

Finally, the second hidden layer nodes are completely connected to the output layer

Classification
0 010 Learning
Output .
Laygr Weighted Stocglastlc
( Fully Fuzzy di
Interconnected ) Erosion gradient descent
Hidden
Layer 2 .
(8 nodes) Weighted Stochastic
(Partially Fuzzy &
Interconnected) Erosion gradient descent
Hidden
Layer 1 .
(56 nodes) Linear Gradient descent
( Each node Convolution
connected to
one subimage) 1
ImputLayer /(D
(30x50 image), \
=g

Sy vierelm
section) ! /O OZOL/

(S

z /‘
K

Figure 24. Network architecture I for the FIANN
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nodes. This generalized template for classification in this layer is represented by g3

= (13, w3, P3).

The ¢ and w templates associated with the generalized templates are initialized randomly
to values in [0,1]. The parameter P is initialized to some negative number. In gi, Pl
=1, since we are trying to simulate the linear convolution property of the generalized
mean. All the templates are translation invariant.

The output at all the nodes in the hidden and output layers is calculated successively
using weighted fuzzy erosion, as follows:

b=a@ly -
1

b; = Z wj; * [l — tji + ai}P
1€Sy(t;)NS1(t;)

Training the weights: A modification of the standard backpropagation network is used.
A training image is input to the net. The node outputs are calculated for the successive
layers up to and including the output layer. Knowing the desired values for the output
nodes, error is calculated for that image. The weights are trained using a combination
of stochastic training and gradient descent techniques. The template weights are updated
based on the error surface. At each layer stochastic training is carried out. This allows
the template weights to move around in error space and search for a global minima. The
backpropagation law then adjusts these weights along the error gradient. The weight

training for each layer is now described in detail.

a. Output Layer: For each presentation of the training data the following two types of

training are carried out:

» As each successive input is presented to the net, the output at the final layer and

the error associated with the input are calculated. The weight vectors for g3 are
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perturbed and the output calculated using Equation 14. Error e; for the input
image is calculated by taking the sum of the squared difference between actual

output b; and desired output b%, over all output nodes as follows:

n

=3 (b;hb,-)2

i=1

where n is the number of output nodes. This process is repeated iteratively
recalculated until we obtain weight vectors for g3 which gives us a lower error
for that image. This is done until we get a lower error or for 25 iterations,
whichever comes first.

Using the set of weights for g3 obtained after stochastic training the partial
derivatives are calculated as per the gradient descent rule. A combination of
stochastic learning and gradient descent gives the best results for this net. Batch
mode training is carried out using the rules given in Chapter 3. All the training
images are passed through once, before the template weights are changed as per

equations 12, 13, 14,

Stochastic training is carried out for each of the training images. After all the

training inputs have been presented, weights are updated based on the total error of

the system. The total error is calculated using Equation 11.

Hidden Layers: The same training procedure is carried out for both hidden layers.

This is similar to the training for the output layer weights. The chain rule is used to

derive the learning rules. The training is now described in brief.

Initially, stochastic training is carried out. The weight vectors for g2 are
perturbed, and node values calculated at the hidden and output nodes using

Equation 14. Error is calculated for the output nodes using Equation 14 and
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the process repeated until a lower error is obtained or 25 iterations are done,
whichever comes first.
» Using the new weight vector for g2, the partial derivatives for E with respect to

t, w, and P are calculated. Batch training is performed.

c. The training images are presented in iterative fashion, with each complete presenta-
tion counting as one iteration. The weights are trained until the error at the output

nodes is very small, of the order of 10— as compared to an initial error of above 20.

d. The network is now trained and ready for classification.

5. Testing the network: The net is now tested on tank elevation images, that were not

represented in the training set.

Using one hidden layer

The net has an input layer, one hidden layer and an output layer. This net is identical in

all respects to the previous one except that it uses just a single hidden layer.

1. Input Layer: This has 1500 nodes corresponding to the pixels of the 30 x 50 input
elevation image. This is identical in all respects to the input layer in the previous net.

2. Hidden Layer: This is identical to the first hidden layer of the previous net. It has 56
nodes, each node corresponding to a 6 x 8 subsection of the input image. There is only
partial connectivity between the input and hidden layers.

3. Output Layer: Number of nodes correspond to the desired number of classes. This layer
is completely connected to the hidden layer, and performs classification based on the

image features passed to it.
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Output

Layer
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Layer 1
(56 nodes)

( Each node
connected to
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Figure 25. Network architecture II for the FIANN
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Erosion Backprop

Linear
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4. Training the net: Network training for the output and hidden layers is the same as for

the previous net.

The results obtained are presented in the next chapter.
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IX. IMPLEMENTATION AND RESULTS

The net implementation was carried out in two stages. In the first stage a one layer
FIANN was designed whose training data consisted of N pairs of an input image and a
corresponding desired output image. The FIANN’s erosion and convolution properties were
tested and optimal training rules obtained. In the second stage, a multilayer FIANN was
implemented to carry out target classification. A more detailed description of each stage

now follows.
Testing the FIANN’s Erosion and Convolution Properties
Erosion property

A one layer net was implemented in which the number of nodes equalled the number of
pixels in the input image. The network architecture and training are described in the previous
section. The input was an image of size 16 x 16 or 64 x 64, and the desired output was its
corresponding fuzzy eroded image ¢ obtained as follows:

¢ = /\ r(l - tji + a;).
i€51(t5)

Figure 26 shows one input and corresponding desired output pair. The generalized template
g was initialized such that wj; = 1/INjl for all i, j, where N; = {Sy(t) N S1(¢)}; template ¢
and parameter P are initialized randomly. The net was trained to “learn” a template g such
that weighted fuzzy erosion of input a with this template would produce the same output
image as would the fuzzy erosion of a with ¢, where ¢ is some template commonly used for
fuzzy erosion. Figure 27 shows the template used for creating the desired output, as well as

the templates generated by the net. Several different training rules had to be applied before
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an optimal training rule was obtained. The net was trained using three different learning

schemes. These were:

1. Stochastic Learning
2. Simulated Annealing

3. Gradient Descent

Figure 27 shows the template values obtained for the fuzzy erosion case with the different
learning schemes. As can be seen, none of the templates match the original template exactly.
However, it should be noted that the operations of fuzzy erosion and weighted fuzzy erosion
are algebraically different operatioﬁs, hence two different templates could produce the same
output with these two operations. The lowest error, calculated using Equation (11), was

obtained using the stochastic learning algorithm. Simulated annealing and gradient descent

Original image Desired output image

Figure 26. Input and corresponding fuzzy eroded image.
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both did not give good results for this experiment. The output images for stochastic training

are given in Figure 28.
Convolution Property

This was tested similarly on a one layer net where number of nodes equalled the number
of pixels. Generalized template g was initialized such that P = 1 and #; = 1 for all J, j. The
net was trained to “learn” a template g such that weighted fuzzy erosion of input a with g

would be equivalent to convolution of @ with template w given by:
b= 3 avus
i€So(t;)

Figure 29 gives an input image and its desired output image. This property was tested

using the gradient descent scheme. This learning method gave fairly good results. As can

0333 0.083{ 0.333 -0.56 | -0.06| 0.41
0.416 1.0 ) 0.414 0.75 @ 37
0.3330.083(0.333 0.0 |-1.01|035
Original Template Template from gradient descent training
09 |-484]1.227 401.1021.388
484 444 54 @-391
603 | 516 .066 3331.09 | .54
Template from simulated annealing Template from stochastic learning

Figure 27. Templates obtained for different training schemes.
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be seen in Figure 30, the template values do not correspond to one another but the template

shown below produced an output image closest to the desired image. This is diéplayed in

Figure 31.
Target Classification using a Multilayer FIANN

The network architecture and learning rules are explained in the previous chapter. Three
different classification problems were addressed: one class, two class, and a three class

problem. These are now described in detail.

Image obtained from weights trained by the

Desired output image

stochastic learning scheme.

Figure 28. Desired output and actual output produced by the FIANN.
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One class problem

The first test that was done was to train the net on a single data class. The tank used
was the M60. The FIANN was trained on an M60 of one particular orientation and tested

on an M60 of a different orientation. The results for this are given in Table 4.

Original Image Image convolved with ideal template

Figure 29. Input and desired output image pair.

333 .083(.333 4.06 {3.08(5.6
416 1.0} 416 4.51 @ 5.89
.333|.083| .333 3.853.54| 6.89
Original Template Template from gradient descent learning

Figure 30. Results for the convolution property of the FIANN.
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Two class problem

The two classes consisted of one tank and one nontank class. The tank used was an M60

and the nontank data consisted mainly of terrain data. The results are given in Table 5.

Desired output image Image obtained from trained weights

Figure 31. Desired and actual output for convolution property.

Table 4 Results for one class problem using the FIANN.

Training Data Recall Data % Classified as the % Classified as the

correct tank wrong tank

M60 20 20 78% 22%
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Three class problem

The net was trained on three different sets of training data consisting of the following
sets of classes:
1. Data Set I contained the following classes:

a. Tank of type M60.
b. Artillery of type M53.

c. Nontank.
2. Data Set II contained the following classes:

a. Tank of type M47.
b. Missile launcher of type M42.

c. Nontank.
3. Data Set II was:

a. M114 artillery tank
b. 2.5 ton truck

c. Nontank.

Table 5 Results for two class problem using the FIANN.

Training Data Recall % Classified as | % Classified as | False alarm rate
Data the correct tank | the wrong tank

M60 20 10 90% 8% -

Nontank 20 10 70% 30%
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The results obtained are given in Tables 6, 8, and 10. “False alarm” signifies that a nontank
object was identified as a tank. The recall data was a combination of training data and new
inputs. Sample range images for the various classes can be seen in Figures32, 33, 34 and
35. As can be seen in this figure, the data is varied. The tanks are at several different
orientations and the images are of different sizes. We compared the FIANN’s performance
on this data with that of a regular backpropagation net. The backpropagation net performed
better than the FIANN, but the results were still not very good. These results are given in
Tables 7, 9, and 11.

Considering the complexity of the network, the FIANN gave a reasonably good perfor-
mance on the range data. Further, the data used for training purposes was real data. This

data was extracted from several different range images, each having a different range offset

Table 6 Results for M60, M53, and nontank using FIANN.

Training Data Recall Data | % Classified as the | % Classified as | False
correct tank the wrong tank Alarm
M60 32 16 83% 17% -
M53 32 16 76% 24% -
Non-tanks 32 8 80% - 20%

Table 7 Results for M60, M53, and nontank with backpropagation.

Training Data Recall Data | % Classified as the | % Classified as | False
correct tank the wrong tank | Alarm
M60 32 16 88% 12% -
MS53 32 16 91% 9% -
Non-tanks 32 8 84% - 16%
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and sensor angle. The horizontal and vertical resolutions also varied in these images. The
elevation data obtained was very sparse and had to be filled in using linear interpolation.

Thus, the data used was fairly noisy. This could be a reason for the inconsistent results.

Table 8 Results for M42, M47, and nontank using FIANN.

Training Data Recall Data | % Classified as the | % Classified as | False
correct tank the wrong tank Alarm
M42 20 10 74% 26% -
M47 20 10 68% 32% -
Non-tanks 20 10 84% - 16%

Table 9 Results for M42, M47, and nontank with backpropagation.

Training Data Recall Data | % Classified as the | % Classified as | False
correct tank the wrong tank Alarm
M42 20 10 78% 22% -
M47 20 10 75% 25% -
Non-tanks 20 10 86% - 14%

Table 10 Results for M114, 2.5T truck, and nontank using FIANN.

Training Data Recall Data | % Classified as the | % Classified as | False
correct tank the wrong tank Alarm
M114 20 10 80% 20% -
2.5T 20 10 74% 26% -
Non-tanks 20 10 82% - 18%




73

Table 11 Results for M114, 2.5T truck, and nontank with backpropagation.

Training Data Recall Data | % Classified as the | % Classified as | False
correct tank the wrong tank Alarm
M114 20 10 86% 14% -
2.5T 20 10 82% 18% .
Non-tanks 20 10 84% - 16%

M60 Tanks (30 x 76)

M60 Tanks (30 x 86)

M60 Tanks (48 x 78)

Figure 32. Sample range images of M60 tanks.
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M53 Tanks (26 x 70) M53 Tanks (62 x 72) MS53 Tanks (48 x 78)

Figure 33. Sample range images of M53 tanks.

M47 Tanks (34 x 52)  MA47 Tanks (48 x 76) M47 Tanks (98 x 218)

Figure 34. Sample range images of M47 tanks.
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M42 Tank (63 x 62) Nontank (Tree)

Figure 35. Sample range images of an M42 tank and a tree.
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X. CONCLUSIONS

Various experiments were carried out to improve the performance of the net. The starting
point was to try various learning algorithms to improve weight training. The three methods
used were gradient descent, stochastic learning and simulated annealing. Gradient descent
gave fairly promising resuits for the FIANNs convolution property, while stochastic learning
performed well for its erosion property. Simulated annealing did not perform well in training
the net. Stochastic learning allowed the weights to jump to a lower error space and then used
a traditional method like gradient descent from that point. This facilitated fast training and
helped avoid the problem ofgetting stuck in local minima, which gradient descent techniques
can run into.

The next stage of research was to apply the net for target classification. The first step
here was designing the network architecture. Once again, we experimented with a number
of different architectures. The basis for the design was a standard backpropagation network.
We used two main architectures, one with a single hidden layer, and another with two hidden
layers. The one layer net did not perform well. Since we were using an input image of size
30 x 50, this single layer had to aggregate information from 1500 pixels and pass them to
the output layer for classification. Further, we allowed only partial connection between the
input layer and this hidden layer. Thus this layer learned the features of the input image,
but the net had no means of aggregating this information. Using a second hidden layer to
combine the information helped improve classification results. Thus the final net used had
two hidden layers.

Another point for experimentation was to change the image subset size, thus changing

the features learned by the first hidden layer. We experimented with different sizes such as
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5x 7,10 x 12 and finally settled on 6 x 8. The reason for not taking a smaller size was
purely practical. Training time increased considerably, plus the program compiler could not
handle such large amounts of data at a time. Larger subimage sizes led to fewer features
for the net to learn which reduced the classification percentages. So we optimized by taking
a midsize subimage.

Once subimage size and network architecture had been dgcided on, data had to be run
on the net to obtain classification results. The first set of experiments was carried out for
two classes, an M60 tank class and one nontank class. We obtained a classification rate of
90% in this case. However the false alarm rate was a high 30%.

To test the nets performance on variant data, we tried a one class problem in which
the net was trained on a tank of one orientation and then tested on a similar tank, but of a
different orientation. The FIANN did not perform well here, giving just 78% classification.

The final step was to test the net’s classification abilities when more than one type of
tank was used. Three different cases were tried and the net gave average results in all three.

Several factors came into the picture and contributed to these results. The first factor is
the data used in the research. We use range data from LADAR tank data. This data has a
high level of resolution. It is first converted to height data using the cartesian method, and
then classified. However, the height data obtained through the cartesian method was noisy
and did not give distinct features for each type of tank. It had several problems associated

~with it, such as irregular elevation points and range shadow. Hence classification results
were not very good. A different approach for converting range data to height data would
help in this case. Secondly the net was very sensitive to small variations in weights and

depending on the initial weights, classification results could vary considerably. Third, one of
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the basic conditions for the generalized mean was that the sum of the numbers whose mean
is being taken should be zero. No such precondition was applied to this data. All these
factors added together to produce only fair results.

The FIANN shows great potential as a pattern classifier [24). The network’s differentiable
activation function, based on the generalized mean, requires careful selection of initial values
for the parameters. The training schedule for the FIANN, as formulated in our research, is
a complex combination of several different training schemes. Hence, parameter selection
is a critical factor in network training. The results obtained so far are quite promising,
and further research into the FIANN appears viable. Selection of initial starting points for
the weight vectors, finding optimum values for the various parameters used in training and
weight update, as well as different training schemes for the net, are all areas requiring further
investigation. Further, the network architecture proposed in the report, which is a variation of
the standard backpropagation net, is just one type of architecture possible. For example, this
net could be modified to have different numbers of hidden layers and nodes. A completely
different architecture, one that is not based on the backpropagation algorithm, could also
provide more experimentation. The network’s performance on data other than elevation data
would be an indicator of its pattern recognition capabilities. A more efficient conversion
from range to elevation data, such as the locus method proposed in [29], could be explored
to improve performance of the system.

The results from this thesis will be presented at the Fifth Annual Image Algebra and

Morphological Image Processing Conference in San Diego, California, July 24 — 29, 1994.
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