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ABSTRACT 

An optimal guidance law for a missile flight is one which determines appro

priate controls to produce a flight path such that some mission objective will be 

achieved in the most efficient manner. Optimal Control Theory is often used to 

accomplish this task. One must bear in mind, however, that the usefulness of op

timal control is sharply divided between two distinct classes of dynamical systems, 

namely, linear systems and nonlinear systems. For linear systems, the theory is 

complete in the sense that given a quadratic cost, a closed-loop feedback guidance 

law may be determined. For nonlinear systems, generally the best one can do is to 

determine an open-loop guidance law numerically using a software package such as 

MISER [1]. (Some notable exceptions exist where a complete analytical synthesis 

of the closed-loop control may be obtained for nonlinear systems, e.g., in [2J.) 

Although open-loop optimal guidance laws for nonlinear systems can now be 

computed quite efficiently with the advances of sophisticated numerical techniques 

along with high-speed digital computers, the highly-nonlinear and complex dynam

ics of missiles precludes the possibility of on-line implementation of open-loop opti

mal control. It has always been realized that if optimal closed-loop solutions could 

be obtained for comprehensive nonlinear systems such as missiles, then guidance 

laws based on such results would be superior to any other guidance laws available 

today. This superiority is due to, among other things, the elimination of some of 

the restrictive, and in many cases unrealistic assumptions made in the derivation 

of most current guidance laws in use such as, for instance, "tail-chase", unbounded 

control, simplified dynamics and/or aerodynamics, and non-maneuvering target, 

to name a few. 
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In this study, an optimal closed-loop control law is obtained off-line by means 

of a Neural Network which is then used as an on-line controller for a generic missile. 

In the nonlinear case, the missile/target scenario is set up as a mathematical model 

using realistic dynamics. Then, given a Performance Index, the open-loop control 

is obtained by solving the problem using the optimal control software MISER for a 

number of different initial configurations. These open-loop solutions are then used 

to "teach" a neural network via backpropagation. Through simulation, it is then 

demonstrated how well the neural network performs as a feedback controller. The 

miss distance as well as the value of the Performance Index are used as measures of 

performance to be compared under the original open-loop control and the neural 

network closed-loop control. This problem is further extended to include a time lag 

in the missile dynamics. The effect of this time delay in the overall performance of 

the optimal controller is then examined. 



1.1. Overview 

CHAPTER 1 

INTRODUCTION 

15 

The guidance law for a missile dictates appropriate controls so that the 

ensuing vehicle flight path satisfies some mission objective. An Optimal Guidance 

law is one which determines appropriate controls to produce a flight path such that 

the mission objective is achieved in the most efficient manner. The terms guidance 

and control are often closely associated in the literature, although in many instances 

the former is primarily thought of as the mathematical equation( s) for the control 

of aircrafts and missiles and the latter is referred to as a broader and more generic 

sense of the term as applied to any system not necessarily related to aerospace 

engmeermg. 

Different guidance laws may apply to the different missile/target engage

ments. Some of these engagements include, for example, air-to-air, surface-to-air, 

air-to-surface, surface-to-surface, as well as short-range, medium-range, and long

range scenarios. In addition, a typical tactical missile trajectory may consist of 

midcourse guidance, acquisition, and terminal guidance. Missile guidance and con

trol is also characterised by considering the types of targets involved. Surface 

targets are generally stationary or slow moving, although they may be difficult to 

detect and track. On the other hand, aerial targets are highly maneuvering and 

unpredictable, but usually easier to acquire [3]. Depending on the mission involved, 

missiles can also be of tactical or strategic types [4]. 

Although an account of the history of missile guidance and some of the 

shortcomings associated with the current guidance laws is given in the next two 

J 
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sections, this dissertation is not concerned with the description of the different 

missile/target engagement scenarios or the types of missiles in use. Instead, this 

research study focuses on and investigates the possibility of using an alternative 

technique, namely the method of Artificial Neural Networks. This method is com

pared with the currently used closed-loop proportional navigation method and the 

potentially available technique of iterative optimal open-loop control. Use of neural 

networks will result in a closed-loop guidance law and will thus overcome the major 

problem associated with optimal open-loop guidance, namely, the need for contin

ual updates which places an overwhelming computational burden on the on-board 

computers. 

Chapter 1 of this dissertation is an introductory chapter. This chapter 

starts with an overview followed by a brief history of missile guidance and control 

technology. Some of the problems associated with guidance laws currently in use 

will then be stated and the chapter closes with a description of what adaptive 

control offers in missile guidance. 

The method of Artificial Neural Networks is described in Chapter 2. This 

description starts with a conceptual background based on Kolmogorov's Theorem. 

Artificial Intelligence is then compared and contrasted with Artificial Neural Net

works and how the two can work together in the area of missile guidance. The 

architecture of Artificial Neural Networks is then constructed based on a human 

brain model and the learning process of the network is examined. The applications 

of the NN in flight control systems are also briefly explained. 

A thorough description of the proposed Neuroguidance System is given in 

Chapter 3 both for a linear system with the Proportional Navigation guidance law 
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and for the nonlinear system. The exact architecture of the NN as applied to linear 

and nonlinear systems is given in this chapter. 

In order to verify the satisfactory performance of the proposed N euroguid

ance systems, the result of their performance, based on computer simulations, are 

then given in Chapter 4. These results are given for both linear and nonlinear 

system models. A discussion of these results then follows. 

Chapter 5 describes the problem of an approaching target towards an in

tercepting missile in an air-to-air engagement. A comprehensive account of the 

problem features as well as the results are discussed. 

Conclusions and suggestions for future work are the subjects of Chapter 6 

followed by the list of bibliographic references. 

1.2. History of Missile Guidance 

The subject of gi1idru~ce laws for short-range tacticai missiies has been an 

active research topic over the past 45 years with publication of analytical treatment 

as well as implementations of missile guidance dating back to the 1940's [5]. Tech

nology has always been an important factor in the development of guidance and 

control laws. Much of the earlier development of guidance and control of missiles 

stemmed from the area of Classical Control Theory. Modern Control Theory (i.e., 

optimal control theory and differential game methods) was developed during the 

late 1950's and early 1960's. Some excellent reviews of optimal control appeared in 

the literature [6] while the field was relatively young. In fact some missile designers 

took a cursory look at applying the modern control theory to tactical missiles dur

ing the late 1960's and early 1970's and the conclusion they reached at that time 

was that, except in the most simplistic and unrealistic cases, the mechanization of 
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such algorithms in real time on-board a small tactical missile was infeasible because 

most of the calculations involved procedures which could not be accomplished ef

ficiently with analog circuitry [3]. This unfortunate situation prompted control 

engineers to resort to the "old" concepts in their missile designs, in particular the 

proportional navigation guidance. 

The early 1970's witnessed the advent of new theoretical methods such as 

new numerical techniques, as well as the birth of the microcomputer. This caused 

a revolution in the missile guidance and control technology since designers were 

then able to perform more calculations, more often, more accurate, at less cost, 

and in a smaller physical volume than anyone would have imagined just ten years 

ago. 

Guidance laws for missiles typically fit within two categories. They are 

(1) the well-known classical techniques, and (2) the modern guidance and control 

techniques. The classical techniques include (a) Line-Of-Sight (LOS), (b) Pursuit 

Guidance law, and (c) Proportional Navigation Guidance (PNG) laws as described 

in the literature (e.g., in [5]). There are also many variations of the PNG laws as, 

for example, True Proportional Navigation Guidance (TPNG) [7,8], Generalized 

True Proportional Navigation Guidance (GTPNG) [8], Augmented Proportional 

Navigation Guidance (APNG) [9,10], and others [11]. The modern guidance and 

control techniques include such guidance laws as optimal linear and other guidance 

laws dominated by differential game methods. Reference [5] offers a comprehensive 

literature review of most of the guidance laws and their variations applicable to 

short-range tactical missiles. Of these, only Proportional Navigation and Optimal 

Nonlinear Guidance laws will be examined in detail in this dissertation. 
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Since the guidance techniques in today's highly-sophisticated systems are 

still based on proportional navigation and its many variations, it is suggested that 

the performa.nce of the present weapon systems may be seriously degraded in en

gagements against targets with characteristics of the year 2000 and beyond. Ac

cordingly, the guidance laws currently in wide use today may not be adequate in 

defeating those threats. The increased accuracy requirements and more dynam

ic tactics of modern warfare render contemporary guidance laws unsatisfactory in 

many applications. Improved maneuver capabilities of targets, for example, appear 

to be by far the most important factor in seeking improved guidance laws. 

1.3. Some Shortcomings of the Current Guidance Laws 

Most current guidance laws have some degree of unfavorable features to 

their disadvantages which limit their applicability. Proportional Navigation, for 

example, is rather inaccurate against accelerating targets, it is sensitive to unfil

tered noise present in the system, and in general, there is no "best" fixed value 

that one can assign to the navigation constant used in the law. Noisy signals are 

especially degrading to PNG performance. In one study, for example, Nesline [12] 

evaluated the relationship of signal errors on PNG miss distance and concluded 

that the missile would need a five-fold acceleration superiority over the target to 

assure a high probability of intercept. In addition, the PNG is effective at large 

line-of-sight angular rates, which typically occur at short ranges. For long-range 

applications where the noise is most severe, PNG is inappropriate. 

Certain situations exist in which PNG is notoriously known to be a bad 

choice. One situation in which the LOS angular rate does not change significantly 

is when the missile, with a smaller speed than that of the target, is tail chasing the 
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target on a straight path. In such a case, the PNG calls for a null control which is 

obviously a false control decision. 

Guidance laws based on nonlinear open-loop optimal control theory have 

their own shortcomings. One of the problems associated with open-loop optimal 

guidance laws is the computational burden placed on the on-board guidance com

puter. In addition, the high cost of their implementation, the need to know the final 

time of engagement if or alternatively the time-to-go tgo , the need for the target 

states such as the target acceleration in an aerial engagement, their dependence 

and sensitivity on the initial and/or final conditions, and their relatively difficult 

implementation are all serious complications. In fact the disadvantages of the gen

eral nonlinear theory led researchers in the early 1960's to seek a less general, but 

more tractable, formulation of the linear optimal control problem, the result of 

which was the Linear Quadratic (LQ) Theory. If LQ is the chosen methodology, 

then the cost functional must be quadratic in form and the missile ma.th model 

must be restricted to a linear model. Additionally, only a limited set of constraints 

are allowed. The linearity assumption is the most severe of all for air-to-air mis

siles since nonlinear aerodynamics, nonlinear equations of motion, and nonlinear 

kinematics are prevalent in air-to-air engagements. The restrictive requirements 

of the LQ theory deny the guidance law of the robustness that it needs to have 

against inadequacies in the system mathematical modeling such as delays in the 

autopilot response, and the like. It is due to the presence of nonlinearities and 

other uncertainties involved in the missile control problem that there is generally 

no assurance that a good-performing guidance law coupled with a good-performing 

estimation algorithm, e.g. Kalman Filter [13J, will work at all, or at least be robust 

enough, in the composite system, much less be optimal. 
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Optimal guidance laws may also exhibit problems in addition to their com

putational burden. When using optimal control in the guidance law derivation, 

different objectives may have to be sought in the performance index for the differ

ent phases of a long-range air-to-air intercept. As an example, a minimum time 

criterion in midcourse, minimum control effort during transition, and minimum 

miss distance with control effort penalties during terminal phase is one reasonable 

formulation. A guidance law constructed of three different optimal solutions cas

caded in time is unlikely to be truly optimal in any overall sense. For this reason, 

the specification of performance criteria in the guidance law design phase usually 

reduces to the application of engineering judgement based on past experience. N

evertheless, at least in theory, guidance laws based on the optimal control theory 

outperform PNG law. The use of the optimal guidance laws is therefore preferred 

if their computational problem can be properly remedied. Such a remedy is sought 

here via the application of neural networks. 

Goh, Edwards, and Zomaya [14,15], used the method of neural network 

feedback control in some typical example control problems. In one example [14], 

they devised a NN feedback controller to guide a two-link robotic manipulator from 

a given arbitrary initial configuration to a fixed final configuration in minimum 

time. In another example [15], Edwards and Goh designed a nonlinear automatic 

flight control system for an F -8 crusader aircraft. They found that this was a 

difficult problem in that it was extremely vulnerable to instability. At first, the 

NN controller was far from optimal. In addition, the resulting NN controller was 

unstable. They were uitimately abie to find a stable NN controller for only a short 

period of flight time. This was done by reducing the terminal time of flight to a 

much smaller value so that the numerical integration did not have sufficient time 
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to blow up. After obtaining some coarse values for the NN weight matrix in the 

training process, they continued to gradually increase the flight time until they 

completed the solution for the entire final time of flight. 

In the present study, the same idea of the neural network feedback or closed

loop control similar to the works of Goh, Edwards, and Zomaya [14,15] is used to 

apply to missile guidance problems. Different missile/target engagement scenarios 

were set up for this purpose, as will be described in detail in chapters 3 and 5. 

1.4. Adaptive Systems versus Learning Systems 

Though the notions of Adaptive Systems and Learning Systems are similar, 

the two are not exactly identical. In Adaptive Systems, emphasis is placed on 

reacting to new situations, whereas in Learning Systems emphasis is placed on 

remembering and recognizing old situations. 

An Adaptive System is one that is capable of modifying its operating char

acteristics in response to changes in environment or input signals in such a way as 

to improve some performance specification or to achieve an established goal. The 

system performs a continuous or periodic self-adjustment toward the established 

goal. 

A Learning System is one that modifies its operating characteristics by rec

ognizing familiar features and patterns in a situation and from its past experience 

or learned behavior, reacts in an optimum manner to achieve an established goal. 

An immediate consequence of comparing the two systems described above is 

that a Learning System is also an Adaptive System but not visa versa. A Learning 

System, therefore, is of a higher-level system than an Adaptive System. In fact, 
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according to Gibson [16], the space of all control systems can be divided into four 

basic hierarchical levels as: 

1. Open loop 

2. Closed loop 

3. Adaptive loop 

4. Learning loop 

In view of the somewha.t similar nature of the latter two systems, a natural 

question that may arise for a given control system of these two types is which 

category does it fit in: Adaptive Systems or Learning Systems. A rather simple 

experiment, as described below, can be performed to this effect to determine if the 

given system is a Learning System. Under a given set of environmental conditions, 

the system parameters are given an initial offset from optimum, and the system if; 

allowed to operate. If it adjusts its parameters so as to optimize its performance in 

accordance with a given Performance Index, it is adaptive and may be a learning 

system. Now, return the system to the initial parameter settings and allow it to 

proceed. If the same gradual process of adaptation takes place, the system is not a 

Learning System. If, on the other hand, it recognizes familiar patterns and utilizes 

this information to move more closely (or more rapidly) to the optimum, it is a 

Learning System. 

1.5. Adaptive Control in Missile Guidance 

Current adaptive control techniques have many fundamental shortcomings. 

Present adaptive control laws such as Model Reference Adaptive Control (MRAC), 
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Self-Tuning Regulator (STR), and Gain Scheduling (GS) [17,18,19] are nonlinear 

control laws which are difficult to derive. These schemes are at most perturbation

learning schemes, i.e., experiences obtained during learning can not be used for the 

execution of a quite different dynamics even of the same system. Often times, the 

strict modelling of the system dynamics and the precise estimation of the physical 

parameters as required are difficult to obtain in practice. In fact, the implic

it assumption of the MRAC problem is that the designer be sufficiently familiar 

with the plant under consideration so that he can specify the desired behavior 

of the plant in terms of the output of a reference model. Although the genera

tion of identification models is currently available for time-invariant linear systems 

with unknown parameters both for the single-input-single-output and the multiple

input-multiple-output cases [20], such is not the case for nonlinear systems such 

as missile guidance. In spite of much effort to address issues such as controllabili

ty, observability, feedback stabilization, and observer design for nonlinear systems 

by many authors in recent years (e.g. [21]), constructive procedures similar to 

those available for linear systems are still lacking for nonlinear systems. Hence, 

the choice of models as in MRAC for nonlinear plants is a formidable problem and 

the success of such an endeavor will depend upon several strong, often simplifying 

assumptions regarding the input-output behavior of the plant. Furthermore, the 

complexity of the Adaptive Control laws grows geometrically with the number of 

unknown parameters, they are not robust, they are conditionally stable, and they 

are not usually suitable for real-time applications [22] such as missile guidance. 

The fact that the method of Artificial Neural Network seems to be promis

ing in handling the nonlinearity and uncertainties present in a system, viz missile 

guidance system, forms the basis for the proposed study of this technique as applied 
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to the guidance and control of missiles. In this respect, an alleviation to the short

comings of the present adaptive control techniques is sought by taking advantage 

of the unique and powerful computational properties of neural networks. 

Contrary to the problems discussed in Adaptive Control techniques, the 

method of neural networks requires neither an accurate model nor parameter esti

mation [23,24]. Further, it possesses a great ability to generalize learning as will be 

described in Chapter 2. The expected benefits of a neural network-based approach 

over the adaptive control are 1) realization of fast decision making and control as 

computations are done in parallel, 2) control laws need not be explicitly stated on

line or on-board as learning can be achieved off-line through examples, 3) natural 

robustness to unmodelled parameters due to the network's generalization proper

ties, and, 4) natural fault tolerance as the distributed representation of information 

in neural networks provides graceful degradation (to be discussed later). Chapter 2 

gives a more detailed account of the method of neural networks and its advantages 

and applications in flight control systems. 

The use of neural networks in control applications in general and guidance 

and control in particular will produce a closed-loop control scheme, as will be seen 

in later chapters. A closed-loop solution to the problem of optimal guidance and 

control has the following advantages and benefits over an open-loop solution. 

1. There will be no need for a sophisticated super computer on-board the 

missile as the neural network will be trained off-line. 

2. A near-instantaneous control signal is obtained, hence there will be less 

delayed time for actuator response. 

3. Closed-loop robustness and adaptivity to unmodelled nonlinearities and in

flight uncertainties will be obtained. 
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4. A controller of smaller size is used, hence there will be less packing problems 

along wi th a weight savings. 



CHAPTER 2 

NEURAL NETWORKS 

2.1. Conceptual Background; Kolmogorov's Theorem 

27 

It has long been man's dream to be able to employ the powerful and amaz

ing capabilities of the brain in computer hardware and software. Although such 

a dream is yet to come true, significant achievements have been made. In fact 

Artificial Intelligence (AI) was the first step taken along this line, and Artificial 

Neural Networks (ANN or NN) appears to be the next step. These two concepts 

will be further discussed in section 2.2. 

The basis of the NN technique stems from the famous Kolmogorov's The

orem introduced in 1957 by the Soviet mathematician Andrei Nikolaevic Kol

mogorov. It is worth noting that Kolmogorov himself had no knowledge of the 

NN which only came to be known in the early 1960's. In fact, when the theorem 

was first introduced, it did not originally stir much interest in the mathematical 

community. It was only later that the mathematical and scientific community re

alized the importance and direct application of the theorem to the concept of NN. 

Essentially, a NN is a representation of a mathematical mapping from an input 

vector x to an output vector y by means of a vector function f(·), i.e. y=f(x) 

where the functional representation can be expressed as shown in figure 2.1. Kol

mogorov's Theorem [25], when applied to the NN, states that given any real-valued 

continuous vector function f(·): X-7 y where x E 1Rn and Y E 1Rm 
, the function 

f(·) can be implemented exactly by a three-layer artificial neural network having 

n neurons in the first layer (x-input layer), (2n+1) neurons in the middle layer 

(hidden layer), and m neurons in the last layer (y-output layer) as shown in figure 
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2.1. If the output of a neuron in the hidden layer is denoted by Zj, the output of 

a neuron in the output layer, denoted by Yk, will be 

2n+l 

Yk = L 9,. (Zj) , k = 1,2,3, ... ,m (2.1) 
j=l 

where 9k '8 are intermediate mapping functions from the last hidden layer to the 

output layer. 

Although there does not exist a constructive method for developing the 9 Ie 

functions, the challenge in the NN technique is the adaptive mechanism where-

by these functions can self-organize themselves to respond to incoming unknown 

vectors x and desired output y. This is accomplished through the training of the 

network to be discussed in section 2.4.3. 

2.2. Al:tificialInteiiigence (AI) versus Neural Networks (NN) 

As pointed out earlier, AI was the first attempt man made towards inclusion 

of the brain power in computer hardware and software. Since AI stemmed from 

an understanding and idealization of models of human cognitive behavior, the AI 

technology is therefore based on physical metaphors. Though being valuable, it is 

now apparent that these metaphors fall short in such intricate applications as pat

tern recognition, speed recognition, and the like. The more recent development of 

Artificial Neural Network approach which is based more on a biological metaphor 

of the information processing capability of the human brain seems to be promising 

and hence the way to proceed for tracting the many tasks for which the AI and the 

conventional computer technologies are insufficient. In the quest for broadening 

our information technology, the Neural Network certainly well represents a new 

and worthwhile avenue to take. 



30 

The AI approach has been most successful with the tasks that are com

monly known to be of higher cognitive activities, such as those tasks that can be 

performed by humans but by few other animals. It is ironic that tasks that are 

commonly considered to be of lower cognitive accomplishments are exactly what 

stretches the current AI technology in what came out to be known as the Arti

ficial Neural Networks. As stated by MacLennan [26], a rodent may not be able 

to prove theorems, but it can effectively navigate its way through a complicated 

terrain, avoid predators, and find food and accomplish this with a comparatively 

small brain constructed of comparatively slow devices. 

Current AI technology is knowledge-based (i.e., rule-based), whereas the 

NN technology is skill-based. The former includes algorithms that mimic tangible 

practical skills. In this sense, therefore, the AI is characterized by verbalized knowl

edge (i.e., knowledge what) and the NN is characterized by unverc:::lized knowledge 

(Le., knowledge how). 

The rules that are needed in designing the AI are defined and provided 

by the designer. This implies that intelligence is progra!nmed which, in turn, 

means that the organization of intelligence takes place "up front" and a lot of IF

THEN's are used. In order that a human operator or designer be able to organize 

and provide all the necessary rules and intelligence to the "brainless" conventional 

computer, it is necessary that he have a deep knowledge and understanding of 

the application problem and strong programming skills. To incorporate a vast 

body of knowledge, rules, and procedures in a computer software, mathematical 

algorithms are required which are often extremely complex. In addition, experts 

rarely speak in rules. Rather, they just know how "it works" and can provide 

case examples. Therefore, many times, depending on the application and problem 
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complexity, it is difficult, if not impossible, to come up with the proper rules to 

feed into conventional computers. 

The human designer is not required to provide the NN with rules or knowl

edge. Instea.d, the NN only requires examples, i.e., a finite set of samples for a 

supervised training discussed in section 2.4.3. Once the NN sees the samples and 

learns them, the network attempts to interpolate "in between", i.e., it deduces 

the set of "rules" that govern the given training examples or samples and hence 

also implicitly deduces the mapping functions giving rise to the examples. In this 

respect, once the NN is trained, it acts essentially as the input-output mapping 

function for any point in the domain and range of the training examples. 

It must be emphasized here that it is not the intent of the NN approach to 

compete with or replace the AI approach. Indeed, the two can and (for a better 

system) must work hand-in-hand and cooperate to soive difficult problems. It 

would be a breakthrough if the two approaches combined LU form a hybrid system 

which will likely play an important role in complex systems such as those used for 

medical diagnosis or modeling human operation of air defense systems. 

2.3. Neural Networks as a Technique in Controls 

The initial interest in Artificial Neurons and Neural Networks emerged due 

to their potential for being used as a model of natural neural systems. The mod

el is to emulate the natural neural system, in particular that of a human being. 

The hope is that features such as learning, remembering, responding, and self

repair that the present man-made "machines" are lacking would now be achieved 

in hardware. The ability of learning, remembering, and auto- or self-adapting a 

dynamic system that can modify its own response to external forces is the unique 
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and outstanding feature of a neural network. This feature is the result of the net

work's autoadjustment of the weights of its processing elements (neurons) through 

an appropriate learning rule. Because of these features, a neural network may be 

taught to produce a desired output from a given input. In t.his regard, if we think 

of the input as a point in state space and the output as a desired control, then the 

neural network becomes a feedback control device, that is, a closed-loop controller. 

2.4. Neural Networks (NN); A Human Brain Model 

Understanding the human brain and its functions is essential in order to 

construct a model thereof. Although many studies have been done and many 

researchers have contributed valuable results in understanding the structure and 

functions of the human brain, a complete understanding still remains very much in 

the dark. Nonetheless, the Artificial Neural Network serves as an elementary and 

oversimplified model of the human brain based on the current limited knowledge. 

A brief account of the brain therefore is given here which is preliminary to a 

description of the generic NN and ultimately to that of the Neuroguidance system 

design proposed in this dissertation and discussed in detail in Chapter 3. 

2.4.1. Structure of a Neuron 

Studies have indica.ted that the human brain consists of at least ten billion 

(1010) simple nonlinear elements referred to as nerve cells or neurons [27]. These 

neurons are further interconnected in a dense fashion by weighted connections 

called synapses, as shown in figure 2.2. Signals enter the neuron via its dendrites. 

Any particular neuron may receive "information" inputs from other neurons via 

this dendrite structure and its synapses, and each neuron may receive many input 

signals but is limited to one and only one output signal. The neuron then combines 
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Figure 2.2 Diagram of a generic natural neuron 
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the input signals received and compares the result to a threshold level. If the 

threshold level is exceeded, the neuron "fires", sending an electrical pulse down 

the axon. The axon terminates in a root-like structure which connects with the 

dendrites of other neurons through multiple synapses. 

2.4.2. Structure of a Node and Backpropagatioll NN 

The general structure of an Artificial Neuron, shown in figure 2.3, is very 

much based on the already oversimplified description of the natural neuron of 

section 2.4.1. Different researchers referred to the artificial neuron by various names 

as a unit, a cell, a processing element, a neurode, or a node. It will be called a 

node in the remainder of this study to distinguish it from a neuron normally used 

for a natural cell. 

Since the exact local input-output mapping function of the natural neuron 

has not been clearly identified, there exists a freedom of how to choose this local 

mapping function for the nodes in a NN. In our elementary model, the method 

of combining the input signals is assumed to be a summation on which the local 

mapping function operates. The local mapping function is called the activation 

junction, also called the transfer function, and is usually chosen as a bounded, 

differentiable, non-decreasing function such as a sigmoid function, a threshold 

(or a step) function, a hyperbolic function, a sine function, a linear function, or 

simply an identity function. Typical activation functions are shown in figure 2.4. 

One motivation for using the sigmoid or threshold function is that they have been 

shown to be realizable in hardware [29]. The sigmoid function, however, is more 

suited than the threshold function for engineering applications since the former has 

a derivative continuity. In fact, when the desired output values are continuous, say 
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from -1 to +1, one can not use the bang-bang threshold function at the output 

layer. 

The model shown in figure 2.3 is based on a rather simple model known as 

the adaptive linear neuron (adaline), first introduced by Bernard Widrow [28J. 

An adaline can be thought of as a NN with one layer consisting of one node using 

the identity mapping as its activation function. When two layers, each consisting 

of at least one such node are used in a network, a madaline (multiple adaline) 

results, also introduced by Bernard Widrow. When at least three layers along with 

an arbitrary activation function for the nodes are used, the network is known as 

the backpropagation network. Note that in a backpropagation network, the nodes 

may use an identity, linear, nonlinear, or some combination of the above activation 

functions in any layer except for the nodes in the input layer which always use 

the identity functions. The exact choice of the activation function used for the 

nodes depends on the application. This subject will be discussed further for the 

Neuroguidance system in section 3.4.3. 

There are different types of NNs in the literature. The most frequently-used 

NN for engineering applications is the backpropagation (BP) network, also known 

as the MultiLayer Perceptron (MLP). A BP network or MLP consists of succes

sive layers of nodes interconnected in a forward manner. The general structure 

is illustrated in figure 2.5. The first vertical layer from the left is the input layer 

and the last layer is the output layer. All the other layers between the input and 

output layers are called the hidden layers. Nodes in the second and succeeding 

layers receive the outputs of the previous layer's nodes, generate a combination of 

these values, and run the result through the activation function. The exact type 
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Figure 2.5 A Multilayer Perceptron or Backpropagation Network 
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of the NN along with the number of nodes and hidden layers, the type of activa

tion function, and the type of learning rule used for a specific problem collectively 

constitute the NN architecture, commonly known as the NN paradigm. The ar

chitecture of the NNs used in the Neuroguidance system of this dissertation are 

discussed in sections 3.4.3 and 3.4.4 for all the different case problems considered. 

The simplest possible layered neural network is when only two layers of 

nodes are used: the input layer and the output layer. A two-layered BP neural 

network, however, may not necesE:arily possess a sufficient degree of robustness 

and fault tclerance. Such a NN, indeed, does not conform to the requirements 

of the Kolmogorov theorem discussed earlier. Three or more layers are required 

for a NN to satisfy the Kolmogorov's theorem. Therefore, additional layers, i.e., 

the hidden layers, should be inserted between the input and output layers. The 

hidden layers, in essence, add more connection weights providing more adjustable 

parameters and hence robustness and fault tolerance to the network. In fact, there 

is no upper limit restriction as to how many nodes to use in each hidden layer or 

the maximum number of hidden layers to use in the design of the network other 

than perhaps wanting to avoid a network to grow too large unnecessarily. Once a 

reasonable network robustness is obtained with a particular network designed for 

a certain application, there is no need or reason to enlarge the network for that 

application. This is indeed more of an art of the designer than science in designing 

a BP network for a given application. 

2.4.3. The Notion of Learning and Learning Algorithms 

The first step in the design of a NN for a particular application environment 

is to design the network architecture. The rest of the design then reduces to the 
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determination of the final interconnection strength matrix, i.e., the final weight 

matrix. 

The mathematical formula that is used to adjust weights is known as the 

learning rule or learning algorithm. Various learning rules have been reported 

in the literature. Among these are the Delta Rule, also known as the Widrow

Hoff learning rule or Least Mean Square (LMS) rule, and the Backpropagation 

Learning Rule (BPLR), also known as the Generalized Delta Rule (GDR) [41J. 

The backpropagation network uses the BPLR as its learning rule. 

The purpose of a learning rule is to train the network. There are generally 

two types of training methods: supervised and unsupervised training [30, chap

ters 6, 8, and 9]. In an unsupervised training, there is no known or desired output. 

Therefore, the network uses no external influence to adjust its weights. Instead, 

there is an internal monitoring of performance. The example input vectors are pre

sented to the network and the network is allowed to self-organize itself by adjusting 

its connection weights. The network looks for regularities or trends in the input 

signals and uses them to adjust its weights according to some learning rule. 

The different learning rules that are developed for unsupervised training 

are all functions of the network current weights and the incoming input signals. 

Hebbian learning and competitive learning [30] are examples of learning rules based 

on unsupervised learning. In a competitive learning scheme, for example, the nodes 

compete for the right to respond to a given subset of inputs. The response of a 

node to an input pattern tends to inhibit other units. After learning, some nodes 

become feature detectors. Competitive learning is often used in problems of pattern 

recognition. Unsupervised training is not used for the BP network but for other 

types of networks such as the Kohonen network. 
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The supervised training is based on a different philosophy. The a priori 

knowledge of the desired output values is required in the training process. In 

a supervised training session, training of the network is done by presenting the 

example input/output vectors to the input and output layers, respectively. The 

desired output data must be provided by a knowledgeable "teacher". The difference 

between what is desired and what is obtained in the network output layer is called 

the e1'TOT. The error must then be used to adjust the weights in the network so 

that the next time the same example is presented, the network will come closer 

to producing the desired response. Stated differently, the network configures itself 

toward the correct output value (the desired output) for each example input / output 

pair. After the network is presented a sufficient number of examples for a sufficient 

number of times, training of the network, i.e., its learning, is said to be complete. As 

such, when a previously unseen input pattern is presented to the trained network, 

the network in effect performs a nonlinear interpolation and outputs a response in 

conformity with the examples it learned during its training phase. Backpropagation 

learning is an example of a learning rule based on supervised learning. Since the 

desired output values are known in the missile guidance problem from an off-line 

solution of the mathematical model of the missile/target engagement, supervised 

training is used on a BP network in the Neuroguidance system. This will be 

discussed further in Chapter 3. 

While a comprehensive derivation of the Backpropagation Learning algo

rithm will not be included in here, a general understanding of this learning rule 

will be useful prior to its usage in the Neuroguidance system of Chapter 3. There

fore, a brief account of the Backpropagation Learning (BPL) algorithm will now 

be given. 
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The main objective in the BPL algorithm is to define an error hypersur

f~ce and find the minimum point of this hypersurface. This is done by "walking" 

downhill on this error hypersurface using the Gradient Descent rule adjusting (i.e., 

updating) the interconnection strengths (weights). For simplicity, a three-layered 

backpropagation network is considered. Extensions to larger backpropagation net

works is obvious and straightforward. Let 

p = No. of patterns (examples) in the training set 

f.l = Pattern no. 

W = Weight matrix between input and hidden layers 

T = Weight matrix between hidden and output layers 

9 = Activation function used for all nodes (except the input nodes) 

X:, y~ = Input-output pairs in the training set 

"cf' subscript means "desired" 

"i" subscript refers to an output node 

"j" subscript refers to a hidden node 

"k" subscript refers to an input node 

Then, 

h'j = LWjkX: (2.2) 
k 

where h'j is the input to the ph hidden node, and 

vr = g(h'j) (2.3a) 
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where Vr is the output of the ph hidden node. Thus, using Eq. (2.2), this yields 

In addition, 

hf = LTijVr 
j 

(2.3b) 

(2.4a) 

where hf is the input to the ith output node. Using Eq. (2.3b) then, Eq. (2.4a) 

becomes 

(2.4b) 

and 

yt =g(hf) (2.5a) 

where Yt' is the output of the ith output node. This equation, using Eq. (2.4a), 

becomes 

(2.5b) 

which gives, using Eq. (2.3b), 

(2.5c) 

The total network error is defined as 

E(T, W) = ~ L ~ [Y~ - liJLj2 (2.6a) 
JL I 

or 

E(T, W) = ~ L [Y~ - ytj2 
JLi 

(2.6b) 
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where EJli denotes the double summation over the J1. and i indices. Using Eq. 

(2.5c) for the yt term, Eq. (2.6b) is written as 

The Gradient Descent rule is used to minimize E(T,W) in Eq. (2.7). Hence, the 

T weight matrix is adjusted according to 

new old new old 
T·· = T·· + 7l!:lT·· + (3!:lT .. I) l}'f I} I} (2.8) 

where .,., and (3 are constants known as the learning rate and momentum rate, 

respectively, and !:IT[yw is given by 

where 

and 

8E(T, W) 
8Tij 

!:lTi~·tJJ = L [y~ - yt] g'(hf)vt 
Il 

Sf = g'(hf) [y~ - yt] 

g'(o) = dg(·) 
d(·) 

Similarly, the W weight matrix is adjusted according to 

(2.9a) 

(2.9b) 

(2.10) 

(2.11) 

(2.12) 

(2.13) 



where .6. Wjk is given by 

where 

BE(T, W) 
BWjk 

.6.W, = _ ~ BE(T, W) BV: 
}k L..J BV!' BW'k 

Il } } 

.6.Wjk = L [Ych - ytJ g'(hf)Tij g'(hj)X: 

.6.Wjk = L 8fTij g'(hj)X: 
Il i 
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(2.14) 

(2.15) 

and g'(.) is defined as in Eq. (2.12). It must be mentioned here that the value 

of the learning rate TJ and momentum rate (3 have been assumed the same for all 

connection weights. In addition, these values were adjusted (mainly decreased) 

as the network training proceeded. The values chosen for TJ and (3 are normally 

between 0 and 1 and typical values are TJ = 0.1 and (3 = 0.9. The purpose of 

adding the (3 term is to provide "momentum" to the learning process whenever 

the error hypersurface is too "shallow" associated with a slow convergence rate. 

Additionally, when the learning process, i.e., the minimization is trapped in a 

local minimum, the momentum term helps to "kick" it out of the local minimum 

somewhat faster. Nevertheless, the momentum term may not have to be used at all 

in many applications. The minimization of the NN error hypersurface is a complex 

process and, in general, no established and satisfactory methodology is available to 

indicate what values of TJ and (3 are the "best" to use. For this reason, training the 

NN is an art on the part of the designer and as such, training is a most difficult 

task as well as time-consuming part of the NN design. 
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2.5. Applications in Flight Control 

A number of researchers have undertaken a study of the method of neural 

network in describing the behavior of nonlinear systems in many different areas. In 

aerospace guidance and control, for example, the optimum two-point boundary val

ue problem has been dealt with in the past by iterative pre-mission computations 

of a nominal flight trajectory. When the vehicle finds itself off course during the 

mission, it computes corrections by assuming that a stored relationship between 

these corrections and the final trajectory errors will be valid. This relationship be

comes inaccurate for large disturbances from the nominal path. Furthermore, the 

necessity of precomputing nominal paths by an iterative process makes guidance 

systems inflexible and unsuited for mw"1.y important applications. Barron Asso

ciates [31] used the polynomial neural networks to model the optimum solutions 

for large domain of possible missions, thereby eliminating operational reliance on 

unique precomputed reference trajectories. When the guided system is disturbed 

from its initial path, or its destination or performance index change en route, the 

polynomial network instantly establishes a new optimum "path to go". Optimality 

is not compromised by large disturbances, and the guidance is flexible in response 

to changing indices of performance. 

The work of Barron Associates [31] emphasies placed more on the control 

aspect of the problem such as the vehicle actuators and airframe rather than the 

vehicle guidance law itself. Moreover, they used a polynomial network and its cor

responding learning algorithm in their work. A polynomial network is a special 

class of neural networks which is not based on a backpropagation paradigm. In

stead, it has its own learning algorithm which adjusts the coefficients of a complex 

nonlinear polynomial function of the input variables. Polynomial neural networks 
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are further described in references [31,32,33]. Barron Associates' work differs from 

this dissertation study in that the emphasis here is placed on the missile guidance 

laws and that the backpropagation neural network/algorithm is used. 

The work of Goh et al [15] concerned the design of a.ll automatic flight control 

system for an F-8 crusader aircraft using a NN feedback controller. Although they 

had some difficulty in devising the control system, they were able to complete 

the design which gave a satisfactory performance on simulation runs. It must be 

pointed out that the main objective in the work of Goh et al was the establishment 

of the method of NN used as a feedback controller and that the aircraft flight 

control problem was only taken as a brief illustrative example to demonstrate the 

practicality and feasibility of the NN method. This example was not studied as 

comprehensively as the missile guidance problems in the present study. 

Krile et al [32] developed a polynomial neural network which assists a pilot 

with optimal maneuver for missile evasion. They also demonstrated the benefits of 

the network relative to a look-up table. 

Kuczewski [34] used a neural network to study the problem of multi-target 

tracking. The result was a multi-target tracking approach which was computa

tionally independent of the number of targets being tracked. This is a significant 

achievement in view of the large times required in the tracking of multiple targets 

using traditional approaches. 

Cheok et al [35] implemented the control of an auto-lock-on target tracking 

sight/vision control system using neural networks. The objective of their target

tracking neurocontrol system was to capture and emulate human cognitive action in 

the eye-hand coordination for tracking a target using a sight system. They designed 
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and implemented the tracking neurocontroller by means of a microcomputer-based 

real-time animation simulator. 

Segura and Burl [36] have studied and designed a neural network controller 

for a Crew jEquipment Retrieve for space station applications, including a new 

technique that resulted in the neural network learning a minimum time optimal 

control law through experience. 

Jakubowicz and Spina [37] used neural network to control an autonomous 

space-lander. Using an extension of the Kohonen's self-organizing feature map 

[38], the goal of their neural network was to safely land a space craft in a two 

dimensional space. While the surface of the planet had mountains having random 

location and height, the network learned to achieve a goal based on the current 

state of the system and the space craft landed with a minimum vertical velocity 

and within a minimum distance of a randomly-selected base location. 

2.6. Speed and Reliability of NN-Based Computers 

A NN-based missile flight control system is the main objective of this re

search study. This controller is at the NN algorithm (software) level and does not 

concern the issues relating to NN hardware implementation and technology. When 

using such a NN-based flight controller in any flight control system, an important 

issue to be considered is reliability. The question may be asked, therefore, as to 

whether or not the use of the method of a NN algorithm in designing a flight control 

system is reliable. 

Although each individual node may have poor reliability, the neural net

work as a whole is very reliable. This is explained as follows. The large number 

of processing elements or nodes are interconnected by information channels, giving 
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rise to a large number of paths through which information can be processed. Be

cause of these numerous alternative paths which are available for handling similar 

information, failure of any single node can hardly affect the operation of the total 

system. The high degree of reliability is therefore the immediate consequence of 

the great parallelism that exists in the neural network system. 

Although all the information is local to the individual nodes, any knowledge 

stored after completing the training is represented globally across the whole net

work. In a network with a large number of nodes, many changes may take place 

before any significant effect is seen. This provides a graceful degradation [39,40] 

for the neural network, i.e., the information learned and stored in the network 

memory via the adjusted weights is very tolerant to failures in hardware, thereby 

giving robustness and flexibility to the network. 

The direct use of a computer based on NN technology is not at issue here. 

This very important point will be mentioned as a further subject of study for ex

panding the present work. That is, the direct use of a NN-computer on board 

the flight vehicle is suggested to replace the use of conventional computers to run 

the NN-based controller. It is the author's contention that such direct implemen

tation of the NN technology in the guidance and control computer hardware will 

ultimately, if not immediately, result in a substantial reduction in cost. 

A reasonable speed in running an application is a necessary element of a 

reliable computer system. Reliability of a NN -computer in a flight control system 

is, therefore, discussed here briefly based on the speed of conduction of signals in 

the individual constituents of the NN-computer. Indeed, it is worth noting some 

quantitative figures regarding the speed and reliability of a NN-computer as follows. 
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The neurons in the nervous system have some delay times associated with 

their information transmission. Block [27] gives a description of these delay times. 

His results indicate that the speed of conduction of signals through the dendrites 

ranges from about 5 mls to about 125 mis, the delay time of the neuron is about 

0.3 millisecond, and the time to cross the synapse is on the order of 1 millisecond. 

Additionally, he points out that once a neuron sends out an output signal, there 

is a period in the order of 10 milliseconds within which it can not fire again. 

These delay times are much larger than that for the conventional digital computers 

which presently have delay times in the order of nanoseconds. Nevertheless, any 

malfunction of a connection in a digital computer can produce unreliable results, 

whereas, remarkably, a large part of the brain can be removed and the brain can 

still be expected to perform cognitive functions [27]. 

As with any system, NN-computers are not immune to all possible mishaps. 

System malfunction can result, for example, from component failure internal or 

external to the network, or large unforeseen variations in the environment. Since 

an artificial neural network is based on the model of a human brain possessing great 

flexibility, robustness, and reliability as described above, the NN as a controller 

does indeed exhibit such similar properties as well, though to a lesser degree. As 

discussed earlier, the reliability, in particular, is the immediate consequence of the 

existence of the many information channels in the network (hence the redundancy) 

through which similar information can travel. 
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CHAPTER 3 

THE NEUROGUIDANCE SYSTEM 

3.1. General Guidelines for the Neuroguidance Systems 

The design and testing of the Neuroguidance system consists of a sequence 

of steps. These steps are, in their respective orders, as follows. 

1. Obtain the open-loop solutions for the guidance of the missile by a numerical 

solution of the equations of motion. (If a closed-form solution exists, e.g., 

Proportional Navigation guidance law, use it to obtain the numerical 

solution. For a more complex and nonlinear engagement scenario where 

a closed-form solution does not exist, the numerical solution is obtained 

using a commercial software package such as MISER [1].) This solution, 

called the "teacher" guidance (uT ), is tabulated as control versus state 

(or control versus LOS angular rate). This look-up table is called the 

training data set. 

2. Design an appropriate backpropagation architecture for the neural network. 

3. Train the neural network of step 2 with the backpropagation learning rule 

using the open-loop training data points corresponding to a sequence of 

time obtained and tabulated in the look-up table of step 1. 

4. Use the trained neural network of step 3 to obtain NN controls (UN N) need

ed to guide the missile to the desired point in state space on certain 

trajectories picked from the trained region of the state space. These tra

jectories may be chosen such that some are included in the training data 



52 

set and some are completely new (not seen by the NN previously) but 

strictly within the range of the training data set. The values of the miss 

distance and performance index will also be calculated for comparison 

with those to be obtained in step 5. 

5. Using the original numerical teacher guidance method, obtain open-loop 

guidance solutions for the missile on the same trajectories for which 

controls were found using the NN controller in step 4. 

6. Make a comparison of the miss distances and values for the performance index 

obtained under the NN and teacher guidance controllers. This compar

ison is used as a measure of the overall performance of the proposed 

Neuroguidance system. 

Figures 3.1(a,b) and 3.2(a,b) illustrate block diagrams of steps 3 and 4, 

respectively. Referring to figure 3.1(a), for a sequence of time, each state input 

vector is fed in the NN and the NN gives the NN control output value UN N. The 

corresponding look-up value of the control U T is then looked up from the table. The 

difference of these two control values, called the error e, is then backpropagated 

in the NN in order to train it, i.e. ,adjust the connection weights. This procedure 

is done on each and all the training vectors included in the look-up table, hence 

completing one sweep or iteration across the training vectors. This sweeping process 

is continued until the training is complete. A similar procedure is followed for the 

case of figure 3.1(b) except that the LOS angular rate is used as the input to the 

NN instead of the state vector. 

It must be emphasized in figure 3.2( a,b) that the advantages of the NN con

troller UN N over the numerically-obtained open-loop look-up table teacher guidance 
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controller U T will become obvious when one considers the much larger computing 

time and computation cost to obtain uT compared with those of UN N • These 

advantages are especially significant for teacher guidance laws based on nonlinear 

optimal control (with no closed-form solutions) or those obtained by differential 

game methods and even more notable when one also considers the highly-dynamic 

and fast behavior typical of missile/target engagements. 

3.2. Development of the Computer Software 

In the course of this research study, four major computer programs were 

written in FORTRAN for the purpose of computer simulations as well as neural 

network designing and training. The first three programs were written for the 

missile/target simulations. The fourth program was written for the design and 

training of the backpropagation neural network. Following is a brief description of 

what each program included and performed. 

The first simulation in this study generated the training points using pro

portional navigation. In this case a closed-form solution exists due to linearization 

and simplification of the problem. The first computer program was written for the 

proportional navigation guidance law using the 4th-order Runge Kutta method to 

integrate the linear equations of motion for the missile/target engagement. Pro

gram one also includes the option of driving the missile with the trained linear 

NN controller. The linear NN controller is the NN trained based on proportional 

navigation guidance data using the linear equations of motion. Moreover, this lin

ear NN controller can use the LOS angular rate or the three state variables as the 

NN input signals. 
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Program two performs three different tasks. First, it simulates the mis

sile/target motion based on proportional navigation guidance using the nonlinear 

equations of the engagement. Second, the two vehicles can be driven to intercep

tion using the optimal controller obtained by MISER. Finally, the program can 

also drive the vehicles with the NN controller that was trained using the optimal 

guidance solution of MISER. 

The missile/target problem for which the third program was written in

cludes three different guidance laws and different missile dynamic models as will 

be described in detail in chapter 5. For this reason, program three is also a multi

task FORTRAN code to simulate all these cases. This program has the ability 

to simulate the two vehicles' motion using the proportional navigation guidance, 

optimal guidance from MISER, and the opti-NN guidance. (The opti-NN guid

ance is the NN trained on the optimal guidance of MISER.) In all of these three 

cases, the user has the option of choosing the missile dynamic model based on a 

zero- or non-zero dynamic time lag. Additionally, the program also can drive the 

missile/target system using the Cottrell guidance law [50). 

A neural network software program was also developed as the fourth com

puter program. This program can be used for designing a backpropagation (BP) 

neural network, training it to learn just about any linear or nonlinear application 

problem, and then testing the network for evaluating its performance. The present 

software is user-friendly and it allows for many options in the design of the back

propagation network paradigm. A copy of the FORTRAN codes for this program 

is included in the appendix. 

Although the NN program could be written for a fixed BP architecture, i.e., 

for fixed number of hidden layers and nodes, this software was written in a more 
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general and somewhat comprehensive form, making it a "general purpose" BP 

neural network design software. This allows for the NN designer to build his own 

BP architecture usable for solving any problem not necessarily related to guidance 

and control.. Furthermore, many other flexible features are incorporated in the 

software, thus giving the user options of his choice. Some of the main features of 

this software include: 

1. Choice of up to 32 nodes in each layer, 

2. Choice of up to 5 hidden layers, 

3. A bias node [41] included in each layer except the output layer, 

4. Four options of activation functions included, 

5. Nodes in the output layer can use the identity activation function, 

6. Choice of constructing fully- or partially-connected BP neural network, 

7. Two types of learning algorithms included, 

8. Two training methods to choose from, i.e., single-pattern or batch training 

[41], 

9. Choice of a manual or automatic training, 

10. Real-time display of the network error after execution of each sweep, 

11. User's choice of asking more sweeps to be done while the program is in 

execution after the previous number of sweeps is completed with manual 

training. This feature is useful for further real-time training while in the 

manual training mode. 

12. If desired by the user, it records each sweep number with its corresponding 

network total error, 
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13. Many other less important but user-friendly features are included. 

Although the number of nodes and hidden layers are presently set to a max

imum of 32 and 5, respectively, it is only a fairly simple task and straightforward 

procedure to change these limits to accommodate a larger BP network if desired. 

This, however, will hardly be necessary since it is very unlikely that an application 

will require a BP network larger than 32-32-32-32-32-32-32 (a standard notation 

meaning 32 nodes in the input layer, five hidden layers of 32 nodes each, and 32 

nodes in the output layer) which is the current limit set in this NN software. 

The performance of the Opti-Neuroguidance system must be evaluated once 

the training session of the neural network is completed. Therefore, the NN con

troller is included as an option in the third computer program written for the 

purpose of simulation. The control values are provided exactly by the closed-loop 

NN controller using the final adjusted weight matrix of the neural network. As 

such, the NN controller in this program will generate closed-loop solution trajecto

ries. This very attribute, i.e., the generation of a closed-loop guidance and control 

system in the missile/target interception is indeed the main theme and contribution 

of this research study as described in detail earlier in chapters 1 and 2. 

3.3. Test Case Problems to Evaluate the NN Software 

Once the Neural Network program was completed, it was necessary to test 

it before using it for the Neuroguidance system. Test case problems are "toy" 

problems not directly related to the problem of a N euroguidance system. As the 

results in this section indicate, the software successfully trained the designed BP 

networks to learn all the test case problems as well as the proposed Neuroguidance 

system of the next section and chapter 5. 
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Three test case problems have been chosen for this purpose. The first one 

is the sine function y = Sin x problem solved with a 1-6-1 BP network. Figure 

3.4 shows the network total squared error as a function of the number of sweeps or 

iterations across the training data set of 51 points in the range 00 :5 x :5 3600
• This 

figure indicates that the error had a sharp decrease during the first 100 iterations, 

leveling off from iteration 100 to 400 followed by a second sharp decrease in the 

range from about 400 to 500 iterations after which it leveled off considerably and 

decreased only slowly thereafter. Therefore, the training was stopped after 2500 

iterations. When the training was stopped, the network total squared. error was 

about 0.04. This error corresponds to an average error per training vector of 

approximately ±0.028 in the output range of -1 :5 y :5 1. The results, i.e. the 

response of the NN after the training, as shown in figure 3.3(a), indicate that the 

network learned the function fairly well after the training was completed. Although 

the two curves are slightly off around the two peaks, an improvement is possible by 

either further training (though a lengthy process) and/or a proper normalization of 

the training data points. The process of normalization will be discussed in section 

5.4. 

The second test case problem is the function y = x 2 learned by a 1-3-1 BP 

network. As shown in figure 3.3(b), the network succeeded to learn this function 

within a small error tolerance after training was completed on the set of 50 points 

of training data in the range of 0 :5 y ::; 0.81. The network total squared error 

tolerance was 0.00172 based on the results obtained from the curve of error vs. 

iteration number (not shown here for this case). This error corresponds to an 

average error per training vector of approximately ±0.0185 in the output range of 

o :5 y :5 0.81. The error curve leveled off after about 1000 iterations. Therefore, 
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the training was terminated after 1000 iterations while the network error was still 

decreasing, though slowly. This explains why the two parabolic curves of figure 

3.3(b) are slightly off. As before, better results could be obtained if further training 

were performed. 

The discontinuous step function 

{

+0.5 
y = f(x) = 

-0.5 

0.0 ~ x < 2.0 

2.0 < x ~ 3.0 

with its point of discontinuity at x = 2.0 is the third and the last case problem 

considered. In order to stress the existence of this discontinuity, the two points 

(x, y) = (1.99,0.5) and (x, y) = (2.01, -0.5) close to the discontinuous point x = 

2.0, were included in the training data set. This problem was taught to a 1-3-1 BP 

network by choosing 31 training points distributed uniformly in the 0.0 ~ x ~ 3.0 

range. 

Figure 3.3(c) displays the results. This figure shows that the network has 

learned the function fairly well. The training was completed based on the leveling 

off of the curve of the network total squared error vs. iteration number (not shown 

here for this case). In particular, the training was stopped after 500 iterations 

of the 31 training data points. The network response would have been improved 

if more iterations were allowed since the total error was still decreasing, though 

slowly. A better result was possible by further training and fine-tuning on the 

connection weight matrix. 

It is interesting to see how the network handled this discontinuity. The 

response of the NN at the discontinuous point x = 2.0 is very close to zero which 

is a "compromise" solution. Note that around the two sides of the discontinuous 

point, the NN, by a slight overshoot, tends to prepare itself to a sign change in 
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its response and to offer the best compromise result at the point of discontinuity 

x = 2. 

The results obtained in all three cases indicate that the developed NN soft

ware has the ability to properly design a backpropagation NN for a given problem 

and perform the training of the network. This was, of course, a requisite in the 

design of the Neuroguidance system of this research study. 

3.4. Specific Layout of the Proposed Neuroguidance 

In this section, a detailed description of the Neuroguidance used in this 

study will be laid out. The overall study consists of two parts. In part one, a 

rather simple but at the same time fundamental and 'well known guidance law, 

namely the Proportional Navigation Guidance (PNG), is chosen to teach the NN 

in order to set grounds for, as well as to study feasibility of using the more complex 

nonlinear optimal control guidance law of part two for which a closed-form solution 

does not exist. Since a closed-form solution exists for the PNG [49], this solution 

is used to generate the training set of part one. 

3.4.1. General Nonlinear Equations of Motion 

Figure 3.5 depicts the missile/target engagement geometry. The (Xl, X2) 

coordinate system is nonrotating and is attached to the missile. With the direction 

of the target velocity Sv along the X2 axis, the nonlinear equations describing the 

relative motion are [49] 

Xl = -Su Sin X3 

X2 = Sv - Su COS X3 

X3 =-u 

(3.1) 
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Figure 3.5 Missile/target engagement scenario 
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where the overdot denotes differentiation with respect to time and 

Xl = range 

X2 = cross range 

X3 = angle between direction of Su and the vertical 

R = radial distance 

Su = missile's speed (constant) 

Sv = target's speed (constant) 

fJ = line-of-sight (LOS) angle, i.e., angle between the vertical 

and the line connecting the target to the missile 

u = missile's turning rate (the control variable) 

The initial and final conditions are 

(3.2) 

and the performance index to be minimized is given by 

(3.3) 

where t f is the final time of engagement. 



3.4.2. Linearizing the General Nonlinear Equations of Motion; 

Proportional Navigation Guidance Law (PNG) 

Assuming a small angle X3, Eq. (3.1) is linearized as 

X3 =-u 
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(3.4) 

These linear equations are solved subject to the initial and final conditions given 

by Eq. (3.2) and minimizing the performance index given by Eq. (3.3). Since the 

equations of motion are linear, the problem is simple enough to enjoy a closed-form 

analytic solution (as derived in reference [49]). The solution to this simple optimal 

control results in the proportional navigation (PN) guidance law. Following the 

steps of the solution given in [49], the resulting closed-loop control law is 

U sing the relation 

Xl 
tan f3 =

X2 

and differentiating both sides with respect to time gives 

(3.5) 

(3.6) 

(3.7) 

Assuming that the LOS angle f3 remains small and using equations (3.2) in the 

right-hand-side of equation (3.7) yields the LOS angular rate /3 as 
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(3.8) 

Comparison of this equation and equation (3.5) results in 

(3.9) 

or, 

u = -K/3 (3.10) 

where K is referred to as the Navigation Constant and is defined by 

(3.11) 

For a stationary target (Sv = 0) the value of K is 3. For a head-to-head encounter, 

the value K is larger than 3 as indicated by Eq. (3.11). For a moving target 

(Sv =I- 0), the value of K can be calculated from Eq. (3.11). In practice, however, 

the value of K is chosen to be constant since the two velocities Su and Sv were 

assumed constant in the derivation of the PNG law of Eq. (3.10). A constant value 

within 3 and 5 is usually used in missile designs for situations of a head-to-head 

encounter. 

3.4.3. Designing the NN for the PNG Law 

The NN used in this study is a multilayer percept ron or BP network as 

discussed in section 2.4.2. Trajectories were selected in the 45°-angular region 

with an initial radial range of 5000 meters as shown in figure 3.6 to train the 

NN, although the method can be extended to include larger regions of the state 
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space. The state space is restricted to 45° here for reasons of convenience. In 

particular, trajectories have been chosen in this region for every five-degree angle 

from the vertical. Ten trajectories were chosen for training the NN. Because NNs 

can generalize learning [40,41]' it is not necessary to teach all the generated points 

of a trajectory to the NN. An important and outstanding feature of a NN is its 

ability to interpolate between and, in some cases, extrapolate beyond the points it 

learns, i.e., the ability to respond to input it has not seen before. 

An important issue to be considered in training a NN is the normalization 

of the training data points. This is required due to the fact that the NN generally 

converges, i.e., learns with less effort if the numerical values used in the training 

set are of smaller magnitudes [41]. In fact, normalizing the desired output values 

becomes a necessity if the activation function used for the output layer is a bounded 

sigmoid function and the desired output values fall outside of the bounds of the 

activation function. 

The type of activation function that is used for the output nodes must also 

be chosen with care. In particular, this depends on the sign and magnitudes of the 

desired output values. Since the data set of training points of the ten trajectories 

consisted of control values (as the outputs) that were very small and densely close, 

a factor of greater than 1.0 was used to "disperse" them somewhat throughout a 

broader spectrum so that the NN could "see" them better in trying to learn them. 

After this process, some of the output control values grew larger than 1.0 in their 

absolute values. With this size magnitude for the output node, a sigmoid activation 

function bounded from -1.0 to + 1.0 is obviously inappropriate. Therefore, an 

identity activation function for the node in the output layer (and of course for the 

nodes in the input layer) was used. 
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Figure 3.6 The 45°-angle region chosen for teaching the NN 

69 



70 

In designing a BP neural net.work to learn the PNG law for the linear prob

lem, two cases were done based on the different number of NN s used and the 

different types of inputs used in the input layers of the networks. The inputs used 

in the first case were the three state variables Xl, X2, X3 with the control as the only 

output of the NN. The NN in the second case used a particular (and important) 

function of the three state variables, namely the LOS angular rate as the only input 

for the input layer and the control as the only output in the output layer. 

Use of multiple smaller-size NN is an issue of much discussion in the neural 

network literature [42,43]. In particular, the literature suggests that if a large 

nonlinear problem can be divided into several "pieces" to be solved, it is generally 

preferred, from the NN convergence standpoint, to design several smaller-size NNs 

and assign each to learn a different piece of the problem rather than designing one 

large NN to learn the total problem. There is no restriction as to how many NN s 

to employ in a certain problem. This implies that the training subset of the state 

space can be partitioned so that a separate smaller-size NN can be designed and 

used to teach each partition of the state. 

Two different Neuroguidance systems based on the PN guidance law were 

designed and tested for reasons of comparison and discussion with respect to the 

problem of dimensionality. In the first design, referred to here as CASE 1, the three 

state variables Xl, X2, X3 were used as the NN input data and the control was the 

only output of the NN. Moreover, this design used four separate and independent 

NN modules, each trained with a particular portion of the state space. The total 

number of training points learned by all four modules was 540 points. Figure 3.7 

and table 3.1 show the exact subregions of the state space that were taught to each 

of the four NN modules termed as NNl, NN2, NN3, and NN4. For the case 



X 
2 

Figure 3.7 The subr~gions of the 45° state space region (not shown 

to scale) taught to the four NN modules in the design of 

the state-variable Neuroguidance system 
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Table 3.1 The state-space subregions 
taught to each of the four NN modules 
in the design of the state-variable Neu
roguidance system 

NN Modules State Space Subregions 
NN1 o Tn < Ri < 500 Tn 

NN2 500 Tn < Ri < 2150 Tn 

NN3 2150 m < Ri < 3700 Tn 

NN4 3700 Tn < Ri < 5000 m 
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Initial 
Case Range 

(km) 

1 5 

2 5 

- - --- -

Table 3.2 Description of the neural networks used for the PNG linear problem 

Items Activation 
BP No. Total no. Function used for No. of 

Neural used in 
of of con- training Su 

Network the NN 
NNs nection data (m/s) 

used input weights Hidden Output 
point.s 

layer used Layers Layer 

State 

3-10-1 Variables 4 201 
l_e-o.o5s 

Identity 540 800 
X1,X2,X3 

l+e o.i15~ 

LOS 

1-20-1 Angular 1 61 1 Identity 430 800 
Rate 

1+e-O•2S 

Sv 
(m/s) 

300 

300 

--1 
~ 
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where the LOS angular rate is used as the NN input, referred to as CASE 2 here, 

only one NN was constructed. This NN was trained on a total of 430 points taken 

uniformly from the 45°-angular region. The rationale for using these two cases 

will be further explained in chapter 4 where the results are presented. Table 3.2 

shows the exact design used in the two cases. 

3.4.4. Designing the NN for the Nonlinear Guidance Law 

Similar to the case of the linear problem, the NN used for the nonlinear 

problem is also a multilayer percept ron or BP network. The input used in the 

input layer is the LOS angular rate and the region of the space used for training 

the network is 450 clockwise from the vertical within a circle of radius 5000 meters 

(see figure 3.6). Table 3.3 shows a description of the neural network paradigm used 

in the nonlinear guidance problem. 

There exists no analytical, closed-form solution for this nonlinear guidance 

probiem. In order to obtain the necessary points from the optimal guidance solution 

for training the neural network, the optimal control software package MISER [1] 

was used. The trajectories were chosen such that each was five degrees apart from 

its adjacent one at the initial time giving rise to ten trajectories and a total of 370 

points in the 450 region. Only one neural network of size 1-15-1 was needed to 

learn all the 370 training data points with no particular difficulty. Note that the 

activation function used for the nodes in the hidden layer was a sigmoid function 

bounded from -1 to +1 and that of the output node was the identity function. It is 

also noted that the velocities of the missile and target were both taken as constant 

and that the missile and target velocities were 800 and 300 mis, respectively. 



Table 3.3 Description of the neural network used for the nonlinear guidance problem 

Activation 
BP Items 

No. Total no. Function used for No. of 
Initial Neural used in 

of of con- training Su 
Range Network the NN 

NNs nection data (m/s) 
(km) used input weights Hidden Output 

points 
layer used Layers Layer 

LOS 
Angular -5 

800 5 1-15-1 1 46 l-e Identity 370 
Rate l+e-s 

Sv 
(m/s) 

300 

I 

-.) 
01 
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3.5. "Curse" of Dimensionality 

In general, the "curse" of dimensionality is a problem in a guidance method 

that makes use of neural networks. The backpropagation neural network can, in 

theory, use any number of input variables. When one begins to think about the 

problem of dimensionality, however, it becomes appa.rent that feeding a smaller 

number of input variables into the NN is preferred. This implies that an observable 

output function of the states of the system rather than the states themselves may be 

a proper choice to use as the NN input. In particular, the LOS angular rate is used 

here in the Neuroguidance designs for the nonlinear guidance problems of chapters 

3 and 5. In the case of the linear problem, two different types of inputs were used 

in two networks for reasons of comparison. These two types of inputs were the 

state variables Xl, X2 X3 and the LOS angular rate. With the state variables used 

as the NN inputs, the dimensionality of the problem is, of course, more serious. 

The size of the training data set may also be an important issue. Obviously, a 

smaller size, when possible, is preferred since a smaller NN and a smaller training 

time will be required. In the case of the guidance problems considered here in 

chapter 3, only a subset of the state space is used to obtain the training trajectories, 

as shown in figure 3.6. Extensions of this subset of the state space is clearly possible 

at the cost of larger training time and/or increase in the number of the NN modules 

as described in section 3.4.3, and, not to mention, increase in system expenditures. 
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3.6. Discussion 

In order to indicate the feasibility of the Neuroguidance, it is first designed 

for the proportional navigation guidance law (written in a linear system setup) so 

as to set grounds for the nonlinear optimal-control-based Neuroguidance. 

All the results and performance evaluations of these Neuroguidance designs 

of this chapter are presented and discussed in chapter 4. 

i 



CHAPTER 4 

PERFORMANCE AND RESULTS OF THE DESIGNED 

NEUROGUIDANCE SYSTEMS 
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This chapter presents the results that were obtained by the Neuroguidance 

systems designed and described in chapter 3. These results are given here for the 

linear and nonlinear problem models followed by a section on the discussion of 

these results. 

4.1. Results From the PN-Neuroguidance System 

with Linearized Equations of Motion 

The Neuroguidance system obtained by training the Neural Network with 

the Proportional Navigation guidance law is termed the PN-Neuroguidance. The 

specific PN trajectories that were used in the training of the Neural Network to 

develop the PN-Neuroguidance are shown in table 4.1. There were ten trajec

tories chosen for this purpose, comprising 540 data points distributed uniformly 

throughout these ten trajectories. 

As described in chapter 3, two different PN-Neuroguidance systems were 

designed and tested for reasons of comparison and discussion with respect to the 

problem of dimensionality. These two NN designs are referred to here as the LOS

PN-Neuroguidance and state-PN-Neuroguidance to denote the PN-Neuroguidance 

in which the LOS angular rate and the state variables, respectively, were used as 

the NN inputs. The issue of dimensionality was discussed in chapter 3 and therefore 

this chapter describes the results. 



Table 4.1 Ten specific trajectories from which 
points were chosen to train the neural network for 
the linear and nonlinear problems. 

Trajectories used for the NN training data 
Su Sv X3i Ri f3i 

(m/s) (m/s) (deg) (km) (deg) 
0 
5 

10 
15 

800 300 0 5 20 
25 
30 
35 
40 
45 
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R; 
(km) 

5 
5 

7.5 
20 

Table 4.2 Results for different trajectories for the linear problem. The trajectory for the Ri =5 
km, (Ji = 20° was included in the NN training set but the other three trajectories were not. 

Miss Distance (m) Performance Index (sec 1) t, (sec) 
PN Neuroguidance PN Neuroguidance PN Neuroguidance I 

State LOS State LOS State LOS 
I 

(Ji PN Variable Angular PN Variable angular PN Variable angular 
I 

(deg) Guidance Input Rate Guidance Input Rate Guidance Input Rate I 

Input Input Input 
20 0.0149 0.366 0.0149 0.00826 0.00826 0.00826 9.397 9.397 9.397 

27.5 0.00528 1.826 0.00528 0.0179 0.0179 0.0179 8.870 8.868 8.870 
, 

27.5 0.0238 664.7 0.0238 0.0119 0.0207 0.0119 13.31 12.47 13.31 
27.5 0.0211 366.8 0.0212 0.00448 0.0721 0.00447 35.48 35.90 35.48 

00 
o 
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The performance of the two PN-Neuroguidance designs as well as that of 

the PNG are presented and described through figures 4.1 to 4.8 and table 4.2 as 

their explanations will follow. 

Figure 4.1 shows the trajectories from PNG and the two PN-Neuroguidance 

systems and figure 4.2 shows the corresponding control versus time for the three 

guidance strategies. These two figures correspond to the initial range and line of 

sight angle of Ri = 5 km and Pi = 20°, respectively. The exact numerical results 

are also given in table 4.2 since these exact numerical values are not immediately 

obvious from figures 4.1 and 4.2. The trajectory curves of figure 4.1 indicate that 

both of the PN-Neuroguidance systems have learned the PNG laws so well that 

all three curves exactly overlap. Note that this particular trajectory was included 

in the training data set. The values of the PI given in table 4.2, namely 0.00826 

rad/ sec, show that there is not any difference among the performances of the three 

guidance laws for this case. 

In order to test the PN-Neuroguidance systems for their generalization prop

erty claimed earlier, three more trajectories were chosen with different initial ranges 

and LOS angles as shown in table 4.2. Figures 4.3 and 4.4 correspond to the case 

of Ri = 5 km and Pi = 27.5°. Although the trajectories appear to be overlapping 

with respect to the scale used in the figures, there is a difference in miss dis

tances obtained. These miss distances are all of small magnitude, namely, 0.00528, 

1.83, and 0.00528 meters from the PNG, state-PN-Neuroguidance, and LOS-PN

Neuroguidance laws, respectively. The figures as well as the associated values of the 

PI given in table 4.2 which is 0.0179 rad/sec for all three guidance methods indicate 

that the three guidance strategies are performing well. In fact, the performance of 

the three laws are virtually the same in terms of the values of the performance 



5000-r------------------------------------------------~ 

4000 

.:5000 

2000 

1000 

- == PNG 
• = NN (with state variables) 

= NN (with LOS rate) 

O~~------_r--------_r--------_r--------_r--------~ 
o 400 BOO 1200 11300 2000 

X1 (meters) 

Figure 4.1 Trajectories for the case of Ri =5 km, f3i = 20° 
obtained from three guidance laws 

o 2 
Time (sec) 
... e B 10 

O~--------~--------~--------~--------~----~~~ 

-1 

-2 

-3 

-4 

- -PNG 
... =- NN (with state variables) 

= NN (with LOS rate) 

-~~------------------------------------------------~ 

Figure 4.2 Control vs time for the case of Ri =5 km, f3i = 20° 

obtained from three guidance laws 

82 



sooo~----------------------------------------------~ 

...... PNG 
4000 - = NN (with state variables) 

- NN (with LOS rote) 

.3000 

2000 

1000 

O~~------~--------r--------'---------r--------~ o ~O 1000 '1500 2000 2~00 

X1 (meters) 

Figure 4.3 Trajectories for the case of Ri =5 km, f3i = 27.50 

obtained from three guidance laws 

o 2 
Time (sec) 
4 6 B 10 

o~--------~--------~------~--------~--,.----~ 

-1.6 

-.3.2 

- .... B 

-6.4 

- =PNG • == NN (with state variables) 
== NN (with LOS rate) 

-B~----------------------------------------------~ 

Figure 4.4 Control vs time for the case of Ri =5 km, f3i = 27.50 

obtained from three guidance laws 

83 



84 

index and final terminal time of engagement. Note that for this trajectory, only 

the initial LOS angle was taken to be different from those used in the NN training 

data set. 

The next trajectory, namely Ri = 7.5 km, (3i = 27.5°, is chosen such that 

both the initial range and the LOS angle are different from those of the NN training 

data set. Figure 4.5 shows that the trajectories from LOS-PN-Neuroguidance and 

PNG are the same, both leading to interception. The trajectory from the state

PN-Neuroguidance, however, does not pass through the interception. Table 4.2 

shows that this trajectory gives a miss distance of 664.7 meters. 

The similarity of the LOS-PN-Neuroguidance and PNG can also be seen 

from their corresponding control curves in figure 4.6. This figure also shows a con

siderable difference between the control curves of the state-PN-Neuroguidance and 

those of the other two guidance laws. One consequence of this difference in controls 

can be seen numerically in table 4.2 through the values given for the performance 

index PI, since the PI depends on the square of the control values as indicated by 

Eq. (3.3). Note, in particular, that the PI from state-PN-Neuroguidance is 0.0207 

rad/sec which is larger than the corresponding value of 0.0119 rad/sec from the 

other two guidance laws. The final time of engagement to interception is 13.31 sec 

for the PNG and LOS-PN-Neuroguidance, as given in table 4.2. The time associat

ed with the minimum distance to target of 664.7 from the state-PN-Neuroguidance 

is 12.47 sec. 

Compared with the LOS-PN-Neuroguidance, therefore, a considerably larger 

control effort is expended with the state-PN-Neuroguidance method which may 

not be desirable in a missile design. These results indicate that the use LOS-PN

Neuroguidance is preferred over the state-PN-Neuroguidance in that the former 
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leads to almost zero miss, gives a smaller performance index, and avoids the curse 

of dimensionality. 

A longer initial range of Ri = 20 km was chosen as the fourth trajectory 

to be tested in order to further examine the generalization property of the PN

Neuroguidance systems. This is again for the initial LOS angle of f3i = 27.5° not 

included in the NN training data set. The results obtained and shown in figure 4.7 

indicate that the state-PN-Neuroguidance trajectory is considerably different from 

that of the LOS-PN-Neuroguidance. A similar difference is a.lso seen in figure 4.8 

which shows the control efforts by the three guidance laws. Note the similarity be

tween the PNG and LOS-PN-Neuroguidance from these two figures. The miss dis

tance associated with figure 4.7 is 366.8 meters from the state-PN-Neuroguidance 

and only 0.0211 meters from the other two guidance laws. Here again, a larger 

PI value of 0.0721 rad/sec is obtained with the state-PN-Neuroguidance than the 

corresponding value of 0.00447 rad/sec with the other two guidance laws. Note 

also from table 4.2 that the final time of engagement is 35.48 sec from the PNG 

and State-PN-Neuroguidance (leading to interception) compared to 35.90 sec as

sociated with the minimum missile/target distance of 366.8 meters (not leading to 

interception) obtained from the LOS-PN-Neuroguidance method. 

The LOS-PN-Neuroguidance system yields better performance than the 

state-PN-Neuroguidance system in terms of smaller values of the miss distance 

and performance index. 

The performance of the LOS-PN-Neuroguidance and PNG are comparable 

in all of the cases considered and studied here. This indicates that there is no 

obvious advantage of the use of LOS-PN-Neuroguidance over the PNG for the 

linear problem. Since nonlinear mathematical models govern the missile/target 
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engagements in practice, it is necessary to look into the results for the performance 

of the Neuroguidance and PNG guidance methods with the nonlinear models before 

making the final judgments on the superiority of either guidance law over the other. 

The results for the nonlinear case will now follow. 

4.2. Results From the Nonlinear Neuroguidance System 

The nonlinear model describing the missile/target engagement as given in 

section 3.4.1, was solved by the optimal control problem solver MISER [1] for ten 

distinct trajectories from the 45°-angular region of figure 3.5. These ten specific 

trajectories were then chosen to train the NN designed and descrihed in section 

3.4.4. This procedure resulted in 370 data points for the NN training data set. The 

ten trajectories used for the purpose of the NN training are shown in table 4.l. 

The NN in this case used the LOS angular rate as the input and control values as 

the output. This Neuroguidance system which is based on the optimal solution is 

termed as the Opti-Neuroguidance in this chapter. 

The equations of motion of a missile/target engagement are highly nonlin

ear in practice. Although the PNG law is based on a linearization of the nonlinear 

equations, in reality and actual practice, the nonlinear equations are used whenever 

the PNG is the strategy. For this reason, the PNG law is also used to drive the non

linear problem model in order to make a fair comparison between its performance 

and that of the Opti-Neuroguidance system. 

The results of the performance of the PNG and the Opti-Neuroguidance are 

presented through figures 4.9 to 4.14 and table 4.3. These results correspond to 

three different trajectories. 



Table 4.3 Results for different trajectories for the nonlinear problem. The trajectory for the 
Ri =5 km, f3i = 20° was included in the NN training set but the other two trajectories were not. 

Miss Distance (m) Performance Index (sec 1) tf (sec) 
~ f3i PN Opti-Neuro- PN Opti-Neuro- PN Opti-Neuro-

(km) (deg) Guidance guidance Guidance guidance guidance guidance 
5 20 0.00966 0.5743 1.134 0.01013 9.8400 9.8296 
5 27.5 0.0106 2.012 3.299 0.02171 9.6918 9.6809 

20 27.5 _0.00443 1.218 0.8151 0.007831 38.767 38.722 
---_.-

-

00 
to 
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Figure 4.9 shows the trajectories for the case of Ri =5 km, Pi = 20° obtained 

under the PNG law and Opti-Neuroguidance law. This figure indicates that the 

Opti-Neuroguidance pelformed well as far as interception, though its trajectory is 

slightly different from that of the PNG. The control versus time shown in figure 

4.10 for the two guidance strategies are comparable. Moreover, the control values 

in figure 4.10 increase without bound in the terminal phase. It is easier to see the 

reason for this behavior in the case of proportional navigation guidance law than the 

optimal guidance. In fact, such a behavior is typical of the proportional navigation 

guidance law since the guidance equation for the PNG, Eq. (3.5), involves a division 

by X2 and x~ which approaches zero at the terminal phase causing the control 

values to blow up there. Note that this particular trajectory was included in the 

NN training data set. 

Table 4.3 shows that each of the Opti-Neuroguidance and PNG laws has an 

advantage and disadvantage over the other. Opti-Neuroguidance law gives a slight

ly higher miss distance (0.574 meter) than the PNG law (0.00966 meter) but the 

Opti-Neuroguidance law gives almost a 112-fold smaller value of the performance 

index than the PNG law. These PI values are 1.134 and 0.01013 rad/sec from the 

PNG and Opti-Neuroguidance, respectively. 

The next two trajectories that were chosen to evaluate the performance of 

the Opti-Neuroguidance system were for the Ri =5 km, (3i = 27.5° and Ri =20 

km, Pi = 27.5°. These two trajectories were not included in the NN training data 

set. The results obtained are shown in figures 4.11 through 4.14 and table 4.3. It is 

seen from table 4.3 that the miss distance obtained from the Opti-Neuroguidance 

is no greater than 2.01 meters for the three trajectories considered. In addition, 

the Opti-Neuroguidance gave rise to much smaller values of the performance index 
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compared to the PNG for these two cases, namely, 0.02171 rad/sec against 3.299 

rad/sec and 0.007831 rad/sec against 0.8151 rad/sec, respectively. In the case of 

Ri =5 km, f3j = 27.5° , the ratio of the two performance indices is 41 and in the 

other case of Ri =20 km, f3i = 27.5°, this ratio is 28. 

A closer examination of the results given in table 4.3 reveal the following 

remarks. The final time to interception are almost the same for the three trajec

tories considered. The values of the PI obtained from the Opti-Neuroguidance are 

smaller than those from the PNG while the values of the miss distance obtained 

from the Opti-Neuroguidance are slightly larger than those obtained from the P

NG. Therefore, there is a trade-off between the two guidance strategies. This raises 

a question as to which choice to be made on these two guidance laws in a certain 

application. The proper choice depends on the priority set forth in the application 

at hand, as discussed below. 

In order that a fair comparison of these two guidance laws be made, the 

following two remarks are in order. First, it must be remembered that in any case 

considered here, the miss distances from the Opti-Neuroguidance law were not 

unreasonably and unacceptably high whereas the values of the performanc.e iudex 

which is related to the missile's acceleration capability and in turn to its maneuver

ability were considerably higher for PNG than for the Opti-Neuroguidance. This 

means that a considerably larger control effort is expended by using the PNG law 

than the Opti-Neuroguidance law. Secondly, there is a certain degree of freedom 

in the way of the design and improvement of the Opti-Neuroguidance. To name a 

few, for example, in order to obtain a smaller network error as discussed earlier in 

chapter 3 with the test case problems, the designer may always try some different 

size NN, usually larger, as well as increase the training time of the network. This 
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implies that improvement of the Opti-Neuroguidance system is possible so long as 

the designer is willing to pay for the added price. This added price is usually in 

the form of an increase in the NN training time. 

The first remark made above implies that it is reasonable to believe that the 

performance index in this case is a stronger factor to consider in making a choice 

of the appropriate guidance law in a given application of the type considered and 

studied here. In view of the second remark made above, the designer will look at 

the magnitude of the miss distance obtained by the designed Opti-Neuroguidance 

and compare it to the largest miss distance that can be tolerated. The decision on 

the proper choice of the guidance method is then made based on his engineering 

judgement of the situation. It is the author's contention that in most intercept 

applications, the Opti-Neuroguidance is the more appropriate choice over the PNG. 
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4.3. Discussion 

In the linear problem, there was not much difference noted between the 

performance of the PNG and LOS-PN-Neuroguidance systems. The performance 

of the state-PN-Neuroguidance law was also similar to that of the other two laws 

when using these guidance laws in the region in which the NNs were trained. The 

difference in performance results started to appear when the guidance laws were 

tested in regions outside of the training set. 

With respect to the problem of dimensionality, the use of the LOS angular 

rate in the neural network guidance design is suggested. For all the linear cases 

considered, there was not an obvious reason to establish the superiority of the 

LOS-Neuroguidance over the PNG. This conclusion, however, is only valid when 

the mathematical model describing the missile/target engagement is linear. Since 

the missile/target dynamical models are nonlinear in practice, the Neuroguidance 

method is still superior to the PNG as established by the results of the nonlinear 

problem. The study on the linear model also revealed that when it comes to 

learning the guidance law, the neural network is capable of doing just that and 

does not fall short of expectations in terms of a satisfactory performance. 

The real power of the neural network controller becomes clear when one 

studies the nonlinear problem for which a closed-form solution does not exist and 

hence no analytical closed-loop control law is realizable aside from a neural network 

approach. 

The overall results obtained indicate the superiority of the Opti-Neuroguidance 

law over the Proportional Navigation guidance law in terms of a much smaller value 

of the performance index for the nonlinear problem. This implies that the Opti

Neuroguidance system that was trained on the optimal solution did indeed emulate 
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the optimal solution well and performed comparably. This is exactly what allows 

one to close the nonlinear control loop via the use of a neural network. 



CHAPTER 5 

GUIDANCE FOR HEAD-TO-HEAD ENCOUNTERS 

IN MISSILE SYSTEMS 

5.1. Overview 
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Head-to-head missile/target encounters quite often occur in air-to-air en-

gagements and represent difficult interception problems. This is due to small cap-

ture regions that are typical of such interceptions. The small regions of capture, 

in turn, may be associated with many factors such as limited missile acceleration 

capabilities, time delay in the missile actuator and airframe response, and larger 

target speed capabilities, to name a few. As an example situation, there were many 

problems in the interception of the SKUD missiles by the famous PATRIOT mis

siles in the recent war with Iraq over Kuwait [51]. The SKUD missile was faster 

in speed than the PATRIOT missile in the ratio 3 to 2. In addition, given a fixed 

guidance law, the missile dynamic time lag has an adverse effect on the size of the 

maximum capture set [51]. 

All missile systems have some degree of dynamic time lag [51]. This time 

lag is in large part associated with the dynamic response of the missile mechanical 

parts. From the instant the control action has been given to the missile guidance 

computer to the actual mechanization of the control action by the missile actuators, 

there will be a time delay or time lag. This time lag may be different in magnitude 

in different missile systems depending on the complexity of the airframe and the 

actuators used. In the modelling and simulation of missile systems, this time lag 

should be included in the system models [51]. 
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This chapter is devoted to the study of the performance characteristics of 

three different guidance laws, namely, the proportional navigation guidance, Cot

trell guidance [50], and optimal guidance. Performance of these laws is studied 

for the case of a head-to-head encounter of a missile/target system in terms of 

the maximum capture set. This was done numerically by writing a FORTRAN 

code for the first two guidance laws and using MISER software [1] to obtain the 

numerical optimal guidance. The solution for the optimal guidance was then used 

to train a neural network for the development of a Neuroguidance system. The 

performance of all guidance laws is then compared. This study was done for both 

zero and non-zero missile dynamic time lag. The non-zero time lag was chosen as 

T = 1.0 second. 

5.2. Equations of l\tIotion and the Optimal 

Guidance Law Derivation 

In this section, the equations of motion and the optimal guidance laws for 

the zero- and non-zero time lags are presented separately as follows. 

5.2.1. Zero Time Lag 

The general nonlinear equations describing the missile/target intercept ge

ometry with a zero dynamic time lag for the missile were given in section 3.4.1. 

based on figure 3.4. The three angles X3, line-of-sight angle {3, and angle v were 

taken positive in the clockwise sense in section 3.4.1 and figure 3.4. These equations 

are rewritten here, since it was found that, for reasons of convenience, particularly 

in computer programming, it would be best to use the three angles X3, {3, and v 
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as illustrated in figure 5.1. The angles are taken positive in the counterclockwise 

sense. Using figure 5.1, the equations of motion become 

where 

Xl = Sv Cos v - Su COS X3 

X2 = Sv Sin v - Su Sin X3 

X3 =u 

Xl = horizontal range 

X2 = vertical range 

X3 = angle between Su and horizontal 

R = radial distance or range 

v = angle between S v and horizontal 

(3 = line-of-sight (LOS) angle 

Su = missile's speed (constant) 

Sv = target's speed (constant) 

u = missile's turning rate (the control variable) 

(5.1) 

These equations of motion are used only in the simulations of proportional 

navigation and optimal guidance laws since Cottrell's formulation of the guidance 

law [50] degenerates to the proportional navigation guidance law if the missile 

dynamic time lag is assumed to be zero. 
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Figure 5.1 Missile/target engagement scenario 
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The optimal control strategy used in the optimal guidance is obtained nu

merically using the MISER [1] optimal control software. For proportional naviga

tion, the control strategy u is given by [49] 

u= (5.2) 

where /3 is the line-of-sight angular rate. In a practical application, the LOS angular 

rate /3 used in this equation is obtained by measuring it via the employment of a 

radar system. In the present study, however, the LOS angular rate is obtained by 

calculating it as follows. Referring to figure 5.1, we write 

Therefore, 

X2 
tan (3 =

Xl 

Taking the time derivative of Eq. (5.3) gives 

(5.3) 

(5.4) 

(5.5) 

Using Eqs. (5.1) and (5.4) in Eq. (5.5), the equation for the LOS angular rate /3 

can be obtained as 

/3 = -Su(X I Sinx3 - X 2 COSX 3) + Sv(xlSinv - x2 Cosv) (5.6) 
xi +x~ 

Equations 5.2 and 5.6 therefore would normally give the control law for the prop or-

tional navigation guidance strategy used in the nonlinear equations of motion, Eq. 

(5.1), in the simulation study. However, in actual practice, maximum and mini

mum bounds U max and Umin must also be placed on the control action. Therefore, 
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the equations describing the control law used in the simulations of the nonlinear 

equations of motion (5.1) are summarized as 

-K/3 if Umin < -K/3 < U max 

u= U max if - K/3 > U max (5.7) 

Umin if - K/3 < Umin 

where K is defined by 

and i3 is given by Eq. (5.6). 

Since a head-to-head encounter is the subject of this chapter, one condition 

under which such an encounter occurs will be discussed here. Using a null control 

action (u = 0), an encounter will certainly occur if the initial values of the three 

angles X3, f3, and v are taken as +900
, +900

, and -900
, respectively. In this study, 

it will be assumed that the initial value of the X3 and f3 angles are both +90 0
• 

We will investigate here what range of values can be chosen for the angle v for 

an interception to be possible using proportional navigation and optimal guidance 

strategies. 

5.2.2. Non-Zero Time Lag 

Cottrell's equations of motion for a missile with non-zero time lag given as 

Eq. (6) in reference [50] with zero target acceleration aTn are 

X=v 

(5.8) 
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where U c denotes Cottrell's control. In order to obtain the equations of motion using 

the same geometrical setup as in figure 5.1, the equations presented by Cottrell 

must be modified to account for the new coordinate system used. With reference 

to figure 5.1, let 

Xl = X 

(5.9) 

where xi is the complement of angle X3 measured from the vertical in the clockwise 

sense. Eq. (5.9) serves as the cross-reference between the coordinate system used 

by Cottrell and that used in this study based on figure 5.1. From Eqs. (5.9) and 

(5.8) then 

(5.10) 

. S·* v = - UX3 = amn (5.11) 

(5.12) 

Therefore, 

.. S .. * . . cr 
TV = - uTX3 = Tamn = -amn + U c = -v + DuU 

or, 

TV = -v + SuU (5.13) 

Using Eq. (5.10), Eq. (5.13) becomes 

or, 

(5.14) 
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Since X3 + x; = 90° j it follows that x; = -X3 and x; = -X3. Hence, Eq. (5.14) 

becomes 

-TX3 - X3 + U = 0 (5.15) 

Let 

(5.16) 

Therefore, 

Equation (5.15) then becomes 

. 1 (. ) 
X4 = - -X3 + U 

T 

or, with the help of Eq. (5.16), this equation gives 

(5.17) 

Therefore, the equivalent Cottrell equations of motion consistent with the intercept 

geometry of figure 5.1 are summarized as 

Xl = Sv Cos v - Su Cos X3 

X2 = Sv Sin v - Su Sin X3 (5.18) 

where T denotes the missile first order dynamic time lag. These equations of 

motion will be investigated using the guidance based on proportional navigation, 

Cottrell's strategy, and the optimal control. For proportional navigation guidance, 

the control law is still obtained by Eqs. (5.2) and (5.6) as obtained for the case of 
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zero time lag. Optimal control is again obtained using the MISER optimal control 

software. Following is the control law derivation for the Cottrell's formulation. 

The control law given by Cottrell used in his guidance strategy is in Eq. 

(12) and (13) of reference [50] repeated here as 

A [ 2 -T )] U c = 2"" x + tgoV + T e + T - 1 amn 
tgo 

with navigation gain A given by 

A = e-T +T-1 
_1_e-2T + (1..)e-T - IT + 1 - .1 - .,..k 2T2 T 3 T 2T~ 

(5.19) 

(5.20) 

. where T = ~ and t90 is the time-to-go defined as tgo = t f - t with t f denoting 

the final time. Using Eq. (5.9), Eq. (5.19) can be written as 

(5.21) 

From Eqs. (5.11) and (5.16) we have 

(5.22) 

In order to obtain an approximate value of tg01 the second of Eq. (5.18) is linearized 

assuming a small xi angle. The value of -900 is assigned to the angle v for a head

to-head encounter. Therefore, we have 

By writing this equa.tion in the retro sense and integrating it from the target set, 

we obtain an estimate of tgo as follows. We first write 
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where x~ = :t::' Hence 

where the overbar denotes the dummy variable of integration. This integration 

results in 

X2 
tgo ~ S B 

14 + V 

(5.23) 

Also, we have 

(5.24) 

Using Eqs. (5.22) and (5.23) in Eq. (5.21) and rearranging some terms gives the 

control law for the Cottrell's guidance strategy as 

U = A(814 + Sv) [(814 + fV)XI _ S14 x; + T2(e-
T + T - 1)2814(814 + SV)X4] 

B14 x 2 X2 x2 
(5.25) 

where the navigation gain A is given by Eq. (5.20). The control law given by Eq. 

(5.25) is an equivalent form of Cottrell's guidance strategy. In the present study, 

maximum and minimum bounds U max and Umin are again placed on this control. 

Cottrell's guidance strategy as used here is summarized as 

u=!:~ 
if Umin < RHS < U max 

if RHS > U max (5.26) 

Umin if RHS < Umin 

where RHS denotes the right-hand-side of Eq. (5.25) and A and T used in Eq. 

(5.25) are given by Eqs. (5.20) and (5.24), respectively. 
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5.3. Numerical Determination of the Maximum Capture Region 

Each of the above three guidance strategies was investigated numerically 

to determine the region of the state space in which points are capturable with a 

given initial range. This region is specified in terms of the maximum angle (}max 

showing the largest region of the state space in which interception is possible (see 

figure 5.2). Note that the angle () is the complement of the angle v in the fourth 

quadrant. 

Different scenarios were considered by varying the value of the initial range 

Ri and the angle () holding all the other variables constant. In all cases, the target 

was considered to be faster than the missile (Sv > Su). In particular, the values 

used are U max = 4.21124 deg/sec, Umin = -4.21124 deg/sec, Su =2 km/sec, and 

Sv =3 km/sec with the problem being considered for two different initial ranges, 

namely Ri =25 km and Ri =50 km. These particular values were chosen since they 

were of practical interest [51J. 

Table 5.1 shows the range of values for () for which capture is possible with 

the PNG law and the optimal guidance law using zero missile dynamic time lag. 

In addition, the capture region is also shown for the non-zero missile dynamic 

time lag (T = 1.0 sec) for three guidance laws, namely the proportional navigation, 

Cottrell, and optimal. A 4th-order Runge Kutta algorithm was used to integrate the 

equations of motion in the case of the PNG and the Cottrell's guidance strategies. 

The results shown in table 5.1 reveal that the capture region is larger for the 

optimal guidance compared to that of the PNG. In fact, at 50 km, the maximum 

capture region for PNG with T =0 is (}max = 2° whereas that by the optimal 

guidance is (}max = 14°. The corresponding values for T =0, Ri =25 km are 

(}max = 0.5° and (}max = 7° for PNG and optimal guidance, respectively. This is a 
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Figure 5.2 Missile/target interception geometry for the head-to-head encounter 



Table 5.1 Results indicating the largest zone in 
which capture of the target is possible. 

Bmax associated with the 
target capture zone (deg) 

T Ri PN Cottrell Optimal 
(sec) (km) Guidance Guidance Guidance 
0.0 50 2 N/A 14 

25 0.5 N/A 7 
1.0 50 0.4 0.4 11.5 

25 0.4 0.5 4.5 
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significant improvement using optimal guidance over the PNG. Similar conclusions 

can be drawn from table 5.1 on the superiority of optimal guidance over PNG and 

Cottrell guidance for the case of r =1.0 sec. 

5.4. Neuroguidance System Based on Optimal Guidance 

As the results obtained indicated the superiority of the optimal guidance law 

over the proportional navigation guidance law, the former was used as a "teacher" 

to train the neural network resulting in the Neuroguidance system. 

The neural network is a 1-3-1 backpropagation network using a sigmoid 

function (-1 :5 y :5 1) for its hidden nodes and the identity activation function for 

the single node in its output layer. The training data was obtained for the cases 

of non-zero time lag (r =1.0 sec) and zero time lag at an initial range of Ri =50 

km using the MISER software. For the zero time lag case for which Bmax = 14°, 

solutions were obtained for five trajectories corresponding to B = 14°, 10.5°, 7°, 

3.5°, and 0° (i.e., v = -76°, -79.5°, -83°, -86.5°, and -90°). For the non-zero 

time lag case for which Bmax = 11.5°, solutions were obtained for five trajectories 

corresponding to corresponding to () = 11.5°, 9°, 6°, 3°, and 0° (i.e., v = -78.5°, 

-81 0, -84°, -87°, and -90°). Trajectories for both zero and non-zero time lag 

cases resulted in approximately 200 points of data. These data points were then 

normalized, so that each input/output value would be less than 10 in absolute 

value. The choice of ±10.0 as the upper/lower bound normalizing factor was for 

convenience. 

The important and underlying reason for the normalization of the training 

data points is for computational reasons. Using too large a number in the training 

data will result in a numerical overflow. The summation S of the product of the 
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input values and the weight matrix is used as an exponent in the sigmoid activation 

function. To illustrate, consider the sigmoid function which is bounded between 0 

and +1 as 

I{S) = 1 + ~->'S (5.27) 

where). is a positive constant. The graph of this function with), = 1 appeared in 

figure 2.4{a). The summation S will have a steep growth in its absolute value if 

the values used in the training data are excessively large in their absolute values 

which in turn causes a numerical overflow in the exponential term e->"s. 

Saturation of the activation function is also another reason for the normal

ization of the NN input data. Although the problem of numerical overflow may be 

remedied by a control structure in the computer code, the NN output will always 

be corresponding to a saturation of the activation function. This is undesirable in 

view of a continuous range of the desired output values at the output layer and 

its nodes. Saturation must, therefore, be avoided by a proper normalization of 

the training input values as well as using an initial weight matrix containing small 

values. 

The variable used as the single input to the NN input layer here is the 

line-of-sight angular rate /3. The rationale for choosing /3 as the only input to the 

network is that PNG suggested the use of /3 as the only information the missile 

needs to make the proper guidance decision. Such a guidance system is simple to 

understand and implement. The simplicity of the PNG is described as follows. The 

missile attempts to make a hard turn (in the proper direction) in the beginning of 

its flight to align its velocity vector to the interception point after which it switches 

to the null control and maintains this null control to the point of interception [51J. 

By using the /3 as the sole information available to the neural network guidance, the 
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simplicity of the PNG is captured while at the same time carrying the advantages 

of the optimal guidance. 

The "Curse" of dimensionality is also a problem to be concerned with in 

any multidimensional problem. The use of /3 as the only input variable to the NN 

also eliminates the problem of dimensionality. Furthermore, the region of capture 

corresponds to Bmax from both sides of the vertical axis X2. Due to symmetry, 

only one side of the axis needs to be taught to the NN. The N euroguidance system 

can then be used and expected to do well for the total region of capture with the 

proper sign used for the control value obtained through the Neuroguidance. This 

is also observed to be in favor of the attempt to eliminate (or at least reduce) the 

curse of dimensionality. 

5.5. Neuroguidance Performance and Results 

In both cases of the zero and non-zero time lag, the NN learned the guidance 

solution after a training session consisting of about 2000 and 3000 iterations of the 

training set for the zero- and non-zero cases, respectively. Although the training 

was stopped after these iterations, the network total squared error was still slowly 

decreasing around iteration number 2000 and 3000 for the two respective cases. The 

criterion for the training cut-off was the leveling off of the variation of the network 

total squared error vs iteration number. In this case, the average error per training 

vector was about 0.05 rad/sec and 0.10 rad/sec for the two cases. Recall that a 

more accurate and better-performing Neuroguidance can, in general, be obtained 

by further training of the NN. The results obtained are described separately for 

the two cases as follows. 
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5.5.1. Zero Time Lag 

The results for this case are presented using several graphs for different 

cases depending on the angle v. In addition, tables 5.3 and 5.4 show specific values 

obtained for different trajectories with the three guidance laws. 

The NN training data set included five trajectories 3.50 apart selected from 

the 0 = 140 capture region, as shown in table 5.2. The controls as a function of 

the LOS angular rate obtained from these five "teacher" trajectories are depicted 

in figure 5.3, while figure 5.4 shows the corresponding controls obtained from the 

neural network. 

By examining figure 5.3, one arrives at an important conclusion. Note from 

this figure that there does not exist a one-to-one correspondence between the con

trol and LOS angular rate /3. This clearly indicates that /3 does not reflect the 

complete state of the system. The guidance decision based on the optimal control, 

therefore, is made according to a much more complex function of the LOS angular 

rate and state variables as well as perhaps other pertinent variables such as the LOS 

angle, velocities, and accelerations of the two vehicles. Such a function is unknown 

or too difficult to obtain analytically, which is the reason the optimal guidance is 

obtained by numerical methods. In addition, the realization and implementation 

of such a complex guidance function may not be so practical from a technological 

standpoint. 

The neural network "best-fit" emulation of the non-unique control values of 

figure 5.3 is depicted in figure 5.4. If the control from this figure, i.e. the Opti

Neuroguidance system, results in a guidance comparable with that of the optimal, 

then this will indeed represent a "golden" oppor.tunity in missile guidance in that 

the power of the optimal guidance along with the simplicity of the PNG 
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Table 5.2 Five specific trajectories chosen for training 
the neural network for the missile time lag T =0. 
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Figure 5.3 Optimal control from MISER for Ri =50 km, T =0. 
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implementations are captured and summarized in this Opti-Neuroguidance system. 

This is in fact the case, as the performance results obtained and discussed below 

will indicate. 

In order to evaluate the performance of the Neuroguidance system, it v'as 

used to drive the missile/target system on trajectories with Ri =50 km and a 

range of v angles. Figure 5.5, for example, shows the trajectories obtained from 

the three guidance laws corresponding to Ri =50 km and v = -79.5°. Note that 

the Ri =50 km, v = -79.5° trajectory corresponds to one of the trajectories in 

the NN training data set. As seen in table 5.3 for this trajectory, the value for 

the miss distance of only 1.08 meters in 50 km indicates that the Neuroguidance 

performance is satisfactory in terms of a small miss. The results given in figure 5.5 

also show that the Neuroguidance led the system to interception. Due to the poor 

resolution in this figure, it is somewhat misleading in that it shows a zero miss 

distance with all the three guidance laws, whereas the PNG miss is 21.6 meters, as 

seen from table 5.3. 

The trajectories of figure 5.6 correspond to Ri =50 km, v = -81° obtained 

under the three guidance laws. Here again the resolution of the figure is not 

discriminating the results at the terminal phase. With reference to the results given 

in table 5.3 for this trajectory, however, it is apparent that a miss distance of only 

1.86 meters is obtained from the N euroguidance over a corresponding miss distance 

of 15.5 meters from the PNG for a trajectory not included in the NN training data 

set. This result clearly establishes the superiority of the Neuroguidan~e over the 

PNG if a smaller miss distance is the criterion. In addition, this will further verify 

the generalization properties of the Neuroguidance in which the neural network 
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Table 5.3 Results for T =0. The optimal trajectory for Hi =50 km, v = -79.50 

was used in the NN training set but that of Hi =50 km, v = -810 was not. 

Guidance Law Used 

Proportional 
Navigation Optimal Neuroguidance 
Guidance Guidance 

Flight Miss Performance Flight Miss Performance Flight Miss Performance 
Time Distance Index Time Distance Index Time Distance Index 
(sec) (m) (m/s) (sec) (m) (m/s) (sec) (m) (m/s) 
10.29 21.6 843.5 10.29 0 754.3 10.29 1.08 760.5 
10.21 15.5 714.9 10.21 0 612.9 10.21 1.86 619.4 

...... ...... 
00 
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gave the proper results in response to a trajectory it had not seen before during its 

training phase. 

Missiles have limited maneuver capabilities [51]. This necessitates prop

er measures of these capabilities based on missile acceleration limitations. Two 

common measures of these limits are the values of the missile instantaneous accel

eration Suu and the quantity SU J;' /u/dt where tf is the final time of engagement 

[51]. The smaller these values are, the less demand is placed on the missile. This 

implies that in comparing any two guidance systems, the one giving rise to smaller 

values of these performance measures is the preferred law whenever missile accel

eration limitation is the issue. By being related to the missile acceleration, these 

two measures also happen to be indirectly related to the total fuel consumption 

in a missile system [51]. In this respect, these two quantities were taken as the 

guidance performance measure and therefore appropriate plots are provided here 

for comparison of the Neuroguidance system with the proportional navigation and 

optimal guidance. Furthermore, in the MISER solution of the optimal guidance, 

the objective function to be minimized, called the Performance Index, was taken to 

be Su Jot, /u/dt. Figures 5.7 to 5.10 show the time histories of the two performance 

measures Suu and SU J;' /u/dt. The plots of figure 5.7 and 5.8 correspond to the 

trajectory Ri =50 km, v = -79.50 included in the NN training data set while 

those of figure 5.9 and 5.10 correspond to the trajectory Ri =50 km, v = -810 

not included in the training data set. Observe from table 5.3 that the values of 

the performance index SU J;' /u/dt are smaller from the Neuroguidance than those 

of the PNG. This is also reflected in figures 5.8 and 5.10. In addition, figures 

5.7 and 5.9 show that the values of the other performance measure Suu from the 

Neuroguidance and MISER are comparable. Note also from figures 5.7 and 5.9 

that 
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the optimal guidance calls for a control close to a bang-bang type corresponding to 

sharp turns by the missile, whereas the PNG calls for a control which is continuous 

in time. 

Some numerical results with specific trajectories corresponding to Ri =50 

km are given in table 5.3. It is seen from the results of this table that the value of 

the performance measure Su Jot! /u/dt is less with Neuroguidance than that using 

proportional navigation guidance. It is also worth noting that the final time of 

engagement t f remains about the same using any of the three guidance laws studied, 

as shown in table 5.3. 

As another mechanism for evaluating the generalization property of the 

Neuroguidance, this guidance system must mimic the optimal guidance in some 

subsets of the state space for which it was not trained so long as this subset is in 

the "neighborhood" of the training data set. Here, the term neighborhood does 

not necessarily correspond to a close range. Rather, it is associated with the range 

of those LOS angular rates that were included in the training data set since the 

LOS angular rate was the only input used in the neural network training. 

According to the LOS-based guidance, the missile turns at a non-zero an

gular rate as long as it does not find itself on a coUision course with the target and 

switches to null control as soon as the collision course is attained [51J. Mathemat

ically, this implies that as long as the LOS angular rate is non-zero, the control is 

non-zero, and that only a zero LOS causes the missile to use a null control. The 

missile will therefore always check the LOS a..'1gular rate as the sole factor in its 

control-decision making process regardless of the vangie and its current range from 

the target. The Neuroguidance performance will, therefore, be comparabie to that 
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Table 5.4 Results for T =0. The neural network was trained only with 
the optimal trajectories obtained from MISER [1] for R; =50 km. 

Guidance Law Use d 

Proportional 
Navigation Optimal 
Guidance Guidance 

Miss Performance Flight Miss Performance Flight 
Distance Index Time Distance Index Time 

(m) (m/s) (sec) (m) (m/s) (sec) 
11.4 394.6 5.03 0 350.4 5.032 
4.04 1222.5 15.92 0 1066.3 15.92 
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Miss Performance I 
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of the the optimal guidance even at initial ranges smaller or larger than the 50 km 

used in the NN training data set. This was indeed verified, as described below. 

In order to evaluate the performance of the Neuroguidance system for initial 

ranges of other than 50 km and with different v angles, two trajectories were chosen. 

These trajectories are Ri =25 km, v = -850 and Ri =75 km, v = -750
• The 

results for these cases are given in figures 5.11 through 5.16 and table 5.4. As 

expected, these results verify a Neuroguidance performance comparable to that of 

the optimal guidance for these cases not used in the training set. In particular, 

the graphs of figures 5.14 and 5.16 show smaller values obtained for SU J;! luldt 

with Neuroguidance than proportional navigation guidance. With figure 5.16, for 

example, the value of the performance measure SU J;' luldt is 1222.5 mls from the 

PNG compared to a value of 1077.9 mls from the Neuroguidance, as indicated 

in table 5.4. The corresponding value from the optimal guidance is 1066.3 m/s. 

Moreover, table 5.4 also shows that the miss distance obtained with Neuroguidance 

is no larger than 1.31 meters whereas that obtained from proportional navigation 

guidance is no smaller than 4.04 meters for the two representative trajectories 

considered. The bang-bang and continuous nature of the optimal guidance and the 

PNG, respectively, are again clearly visible in figures 5.13 and 5.15. 

5.5.2. Non-Zero Time Lag 

Many of the results obtained for the case of non-zero time lag are given here 

in exactly the same way as those given for the zero-time-lag case. Table 5.5 gives 

the five specific trajectories that were used in the training set. 

With reference to figure 5.17, we note that the non-uniqueness with respect 

to the LOS angular rate of the MISER optimal control is even more visible in this 
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the neural network for the missile time lag T =1.0 sec. 
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case than that in the T =0 case. This is again a verification of the earlier assertion 

that was made on the fact that the optimal guidance uses a more complicated 

process and more decision-making factors than just the LOS angular rate. The 

control solution shown in figure 5.18 is the NN emulation of the MISER optimal 

control of figure 5.17. As expected, and as seen before in the T =0 case, this is a 

"best fit" to the non-unique optimal control solution of MISER. 

It must be mentioned here that the non-uniqueness of the optimal guidance 

from MISER is not tantamount to a poor optimal solution. On the contrary, 

the "extra" sophistication in the optimal guidance decision-making algorithm as 

compared to the simple PN guidance is looked at as an advantage of the former 

over the latter. In fact, in terms of a smaller miss distance, the optimal guidance 

outperformed the PN guidance and Cottrell's guidance, as verified by the results 

obtained and discussed below. 

Figures 5.19 and 5.20 show the trajectories obtained from the four guidance 

laws for two different initial conditions. Note that trajectories from proportional 

navigation and Cottrell guidance are included for comparison. Since a fine reso

lution is not used in these figures, it may appear from these curves that all four 

guidance laws resulted in a zero miss. A closer look at the numerical results giv

en in table 5.6, however, indicates that for the Ri =50 km, 'iJ = -810 trajectory, 

the miss distances are 20.04, 12.61, 0., and 2.27 meters from the PNG, Cottrell 

guidance, Optimal guidance, and Neuroguidance, respectively. These results cor-

respond to those shown in figure 5.19. Note that this trajectory was included in 

the NN training set. As for the Ri =50 km, v = -82.50 trajectory in table 5.6, the 

miss distances are 23.09, 24.2, 0., 1.36 meters from the PNG, Cottrell guidance, 



Initial Input 

Ri V Flight 
(km) (deg) Time 

(sec) 
50 -81 10.23 
50 -82.5 10.15 
-- _ .. -

Table 5.6 Results for T =1.0 sec. The optimal trajectory for Ri =50 km; v = -810 was used 
in the NN training set but that of Ri =50 km; v = -82.50 was not. 

Guidance Law Used 

Proportional 
Navigation Cottrell Optimal 
Guidance Guidance Guidance 

Miss Performance Hight Miss Performance Flight Mi$ Performance Flight 
Distance Index Time Distance Index Time Distance Index Time 

(rn) (m/s) (sec) (m) (m/s) (sec) (m) (m/s) (sec) 
20.04 950.2 10.23 12.61 816.1 10.225 0 736.4 10.227 
23.09 788.1 10.15 24.2 666.5 10.150 0 571.5 10.153 

Neuroguidance 

Miss Performance 
Distance Index 

(m) (m/s) 
2.27 776.0 
1.36 741.8 

~--~ 

..... 
~ 
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Optimal guidance, and Neuroguidance, respectively, which correspond to the re

sults of figure 5.20, In this ca.se, the initial range Ri =50 km of this trajectory was 

used in the NN training data but the angle for v = -82.5° was not. It is, therefore, 

observed that the miss distances obtained from the Neuroguidance are next to the 

smallest after those of the optimal guidance. It is clear that the N euroguidance 

miss distances are more consistent with those of the optimal guidance than the 

PNG and the Cottrell guidance. It is also worth noting that these smaller miss dis

tances are obtained despite the NN "best" fit emulation of the non-unique optimal 

control values. That is to s~y, the Neuroguidance only used the LOS angular rat~ 

information of the "total" guidance information inherent in the optimal solution. 

The missile acceleration results are shown in figures 5.21 and 5.23. Figure 

5.21 shows the almost bang-bang nature of the optimal control. It is also noted 

from both figures that the PNG and Cottrell guidance are continuous in time and 

that they blow up at the terminal phase. Since the value of Xl and X2 become 

small at the terminal time, the blowing-up behavior in the control values is due to 

the division by xi + x~ and x~ in the PNG and Cottrell control strategies of Eqs. 

(5.6) and (5.25), respectively. With regard to figure 5.23, it is observed that while 

the NN tried to emulate the optimal controller, it shows a slight deviation at the 

end. This is due to the existence of the time lag in the system. 

Results given in figure 5.22 indicate that the value of the performance mea

sure Su Jotl luldt is smaller from the Neuroguidance than the PNG and Cottrell 

guidance for the Ri =50 km, v = -810 trajectory. These values, as seen from table 

5.6, are 950.2, 816.1, 736.4, and 776.0 mls from PNG, Cottrell guidance, Optimal 

guidance, and Neuroguidance, respectively. Note that this trajectory was included 

in the NN training set. For the Ri =50 km, v = -82.5° trajectory of figure 5.24, 
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it is seen that the value of the performance measure SU J;' lu/dt obtained from the 

Neuroguidance is slightly higher than that from the Cottrell guidance and slightly 

smaller than that of the PNG. These values are shown in table 5.6 as 788.1, 666.5, 

571.5, and 741.8 mls from the PNG, Cottrell guidance, Optimal guidance, and 

Neuroguiudance, respectively. The advantage of the slightly smaller values for 

the performance index obtained using Cottrell guidance over the Neuroguidance is 

offset by the poor miss distances obtained by the former guidance. 

Since the LOS angular rate was used as the only input object in the missile 

control decision-making process, the Neuroguidance will perform well in regions 

of the state space where the NN was not trained for directly. Two representative 

trajectories, namely Ri =25 km, v = -880 and Ri =75 km, v = -800
, are chosen 

to evaiuate the Neuroguidance performance. The trajectories for four guidance 

laws are shown for comparison in figures 5.25 and 5.26. These figures, and more 

precisely, the values of the miss distances given in table 5.7 for these trajectories, 

indicate that a smaller miss distance is the advantage of the Neuroguidance over 

the PNG and Cottrell guidance. As for a smaller value for the performance index 

SU J;' luldt, the PNG and Cottrell guidance yield smaller values. 

The non-unique nature of the optimal guidance which was taught to the 

NN will become more evident when one starts to test the Neuroguidance in a 

subset of the state space farther away from what was included in the NN training 

set. As one moves away from the NN training set, the generalization property of 

the Neuroguidance degrades further. This is indeed the case here with these two 

trajectories that were chosen to test the Neuroguidance performance in an area far 

outside the NN training set. Despite this, however, the Neuroguidance performance 

degradation only affected the performance index. In terms of a smaller miss 



Table 5.7 Results for T =1.0 sec. The neural network was trained only with the optimal trajectories obtained from MISER (1] for Ri =50 km. 

Guidance Law Used 

Proportional 
Initial Input Navigation Cottrell Optimal Neuroguidance 

Guidance Guidance Guidance 

Ri V Flight Miss Performance Flight Miss Performance Flight Miss Performance Flight Miss Performance 
(km) (deg) Time Distance Index Time Distance Index Time Distance Index Time Distance Index 

(sec) (m) (m/s) (sec) (m) (m/s) (sec) (m) (m/s) (sec) (m) (m/s) 
25 -88 5.010 23.1 350.4 5.010 22.0 205.4 5.005 0 161.0 5.006 4.34 237.2 
75 -80 15.41 8.12 880.8 15.41 17.4 856.3 15.39 0 707.3 15.41 0.307 992.2 
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distance, the Neuroguidance still performs better than the PNG and the Cottreli 

guidance. As shown in table 5.7, these miss distances are 23.1, 22.0, 0., and 4.34 

m from the PNG, Cottrell guidance, Optimal guidance, and Neuroguidance for the 

Ri =25 km, v = -880 trajectory. The corresponding miss distances for the Ri =75 

km, v = -800 trajectory are 8.12, 17.4,0., and 0.307 m for the respective guidance 

laws above. These results clearly show that Neuroguidance is the preferred guidance 

when a smaller miss distance is the objective or the criterion. 

The degradation in the NN generalization property due to a trajectory ini

tiation far outside of the training set is also reflected by a degradation in the NN 

missile acceleration command. This acceleration is considerably different from that 

of the optimal, as indeed shown in figures 5.27 and 5.29. 

In light of the results obtained, it is observed that even in the situation 

of the MISER optimal guidance solution being non-unique in terms of the LOS 

angular rate, the Neuroguidance disadvantage of the slightly larger performance 

index only for some trajectories is offset by its advantageous performance due 

to a smaller miss distance, although the miss distance was not specified in the 

performance index to be minimized. After all, a smaller miss distance is a more 

crucial factor, hence a stronger measure of performance evaluation, than a slightly 

smaller value for the performance index in a given guidance law. 
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5.6. Discussion 

The results on the numerical determination of the capture set indicated 

the superiority of the optimal-control based guidance law over the proportional 

navigation and Cottrell guidance laws in that the former resulted in a larger cap

ture set than the latter two. Therefore, the optimal guidance was taught to the 

neural network. Moreover, the results obtained on the evaluation of the Neurogu

idance system generally indicate a satisfactory performance based on small miss 

distances. In fact, for most trajectories studied (over 95% of the cases considered), 

the Neuroguidance had a better performance than the proportional navigation and 

Cottrell guidance by way of resulting in a smaller miss and performance measure 

SU J;' luldt. There are, however, several improvements that can be made on this 

performance. 

Further training of the neural network is another source one can seek to 

improve the Neuroguidance systems. Longer training of the NN may be done so 

long as the total network error keeps decreasing. This may, in general, require a 

long period of training time since, for a NN in which the error decreases, the rate 

of this decrease itself also decreases as training continues. This effort, however, will 

certainly payoff considering the intricacy and the associated cost of missile/target 

systems. It is emphasized again that even the present guidance solution obtained 

from MISER taught to the neural network resulted in a Neuroguidance system that 

outperformed the proportional navigation and Cottrell guidance laws in terms of 

smaller miss distances for the cases studied. This serves to establish the worthiness 

of the development of the N euroguidance system technology in the years to come. It 

is indeed the author's contention that inevitably we will witness such a development 

in the near future. 
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Obtaining and implementing of a closed-loop control solution with the Pro

portional Navigation Guidance law is generally simple and inexpensive. However, 

PNG is not always the right guidance law to use depending on the mission and 

scenario. Guidance laws based on optimal control theory are often the answer to a 

more demanding missile performance, though difficult to obtain on-line as well as 

costly to implement. 

Modern guidance systems based on optimal control theory are generally ac

cepted to yield better performance than classical proportional navigation guidance 

systems [9]. Optimal control systems rely heavily on optimization techniques in 

which the space of variable controller parameters as a function of some perfor

mance index are searched in order to determine where the performance index is 

optimized. This approach implicitly assumes that a scalar performance index which 

is a function of system outputs can be defined so that its extremum represents the 

best possible system performance. In general, not only is it possible to define such 

a performance index but also this is necessary in any adaptive control such as a 

missile guidance system. It is not always recognized, however, that this optimal 

performance carries with it certain costs in improved components or additional 

costs [9]. Moreover, on-line integration of optimal guidance in the missile systems 

has its limitations particularly in terms of the associated time lags in the optimal 

guidance output response. Yet, perhaps the biggest disadvantage of these optimal 

guidance solutions is that they are of a look-up table, open-loop nature which are 

known to be inferior to a closed-loop (feedback) optimal guidance. 
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The neural network methods for implementing an optimal guidance in mis

sile systems proposed, developed, designed, and tested in this dissertation are based 

on the notion of a learning system. The approach to the design of such a system 

is to "teach" the system the best choice for each situation. Once the system has 

learned the optimal guidance law for one case representative of each possible situa

tion, it will operate near the optimal condition regardless of environmental changes. 

As such, a closed-loop feedback controller is on hand. 

The major contribution of this dissertation study is that a closed-loop con

trol/ guidance is devised for use in the missile technology, providing an opportunity 

to employ the more advantageous and otherwise infeasible guidance laws based on 

optimal control theory and differential game. 

Neural network is a fast-growing area of research study since it demonstrated 

an immense potential to solve difficult nonlinear problems [44]. The prospects of 

a neural network-based solution in most engineering, science, as well as economic 

problems are indeed continuously growing. 

The neural network closed-loop guidance system, called the Neuroguidance, 

designed in the present study is not only less complex but also faster and less 

costly than an open-loop optimal guidance. The performance of all the different 

Neuroguidance systems designed and presented in this work is examined through 

computer simulations on representative scenarios and trajectories. The overall 

results of this performance indicated the superiority of the Neuroguidance systems 

over an open-loop optimal guidance, proportional navigation guidance, and Cottrell 

[50] guidance in terms of smaller miss distances and, in some instances, smaller 

performance indices. 
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The work done in this research study serves only as a first step towards 

employing the concept of neural networks in missile guidance. There are many 

ideas that can be stated and considered as further extensions of the present work. A 

number of interesting subjects in this regard are outlined here to serve as directions 

for some possible future work in. this area. 

1. The backpropagation learning algorithm is an off-line learning rule used in 

this study. It will be an asset to develop a Neuroguidance that learns the missile 

guidance on-line i.e., in real time on-board the vehicle en route to the point of the 

target interception. 

2. The area of Artificial Intelligence (AI) is one that existed before the neural 

network was born. The integration of the AI technology as well as the NN tech

nology in one hybrid guidance system will certainly prove to be a worthwhile joint 

venture. 

3. The development of the Neuroguidance systems was done here based on a mis

sile/target dynamic model with constant velocities for both vehicles. The extension 

of this work to incorporate the more realistic cases of non-constant missile and tar

get velocities, non-zero constant acceleration targets, and non-constant acceleration 

targets is strongly suggested in future studies. 

4. The Neuroguidance in the present study makes use of conventional computers in 

the off-line neural network training phase. In this simulation, such computers were 

also used on-board the missile in the Neuroguidance operational phase. A future 

study may be pursued to look into the possibility and feasibility of implementing 

the Neuroguidance system on a computer built directly based on the neural network 

technology in some or all phases of the Neuroguidance design and development. It 
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should be added that neural network hardware is already being developed [e.g., 

45,46,47,48]. 

5. Solve the problem of missile guidance with neural networks in a differential 

game theoretic setup [52,58,61-62]. In problems based on differential game setup, 

both players, namely the pursuer and the evader, have active and optimal role in 

the control of the system. 

6. Using the controllability minimum principle [57], find the controllable set [53,65] 

arId the playable (or equivalently the reachable) set [54-56,59-60,63-64,66-67] in an 

optimal control as well as a differential game setup for a missile/target engagement 

scenario. Once the controllable or playable set is found, obtain optimal solutions 

for representative trajectories inside the set as training examples and design a 

neural net.work to learn these trajectories. This neural network controller will then 

perform at nearly optimal conditions as a closed-loop feedback controller for any 

trajectory included in the controllable or playable set. 

7. Examine the fault tolerance of the Neuroguidance systems by perturbing the 

adjusted weight matrix. This can be done, for example, by removing a part of 

the Neuroguidance "memory power" by destroying a certain percentage, say 20%, 

of the adjusted values in the weight matrix, replacing them with some arbitrary 

values such as zeros. The "damaged" Neuroguidance can then be used to guide the 

missile to the target and its performance studied. 

8. Include the effects of clutter and other uncertainties in the missile/target 

dynamic models and approach the problem of missile guidance using neural net

works. As typical sources of uncertainties, for example, one may wish to consider 
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measurement inaccuracies in target velocity and acceleration, radome errors, tar

get stochastic and unknown behavior in maneuvers, and unmodelled missile air

frame/actuators time lags, to name a few. 

While the above suggestions may be viewed as possible future extensions 

of the present work using neural networks, they are by no means meant to be 

exhaustive. It is only the author's contention that pursuing the neural network 

approaches in missile guidance is undoubtedly a worthwhile venture to be followed 

by a neural network technology development. This venture will ultimately prove 

to be most beneficial. 
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APPENDIX 

THE NEURAL NETWORK FORTRAN CODE 



ISO 

cccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccc 
cc cc 
CC Author: Seyed Hossein Sadati CC 
CC Purpose: Used in the Ph.D. research study CC 
CC Place: The University of Arizona, Tucson, AZ, U.S.A. CC 
CC Date: October 1991 CC 
CC CC 
CCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCc 

CC This program designs a backpropagation neural network and trains it 
CC to learn a particular I inear of nonlinear problem. 
CC There are many features included, aimed at making the program 
CC user-friendly. These features are given to the user as options at 
CC run time. The program was originally written to be used in the Ph.D. 
CC research study of the author, although it can be used in just about 
CC any problem requiring a backpropagation neural network design. 

CCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCC 
CCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCC 
CC CCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCC CC 
CC CCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCC CC 
CC CCCCCCCCCCCCCCCCCCCCCCC CC 
Cc CCCCCCCCCCCCCCCCCCC CC 
CC CC CC CC 
CC CC CC CC 
CC CC CC CC 

PROGRAM NEURAL NETWORK 
CC Cc CC CC 
CC CC CC CC 
CC CC CC CC 
CC CCCCCCCCCCCCCCCCCCC CC 
CC CCCCCCCCCCCCCCCCCCCCCCC CC 
CC CCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCC CC 
CC CCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCC CC 
CCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCC 
CCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCC 

REAL TRNV(33) ,ERR{],33) ,ERRSWP(SOOOO) ,ETA (7) ,MU{]), 
+ XOUT(7,33) ,~/(6,33,33) ,Dw(6,33,33) ,WP(6,33.33) ,DWP(6,33,33), 
+ WT(6,33,33) ,MINERR,LASERR,BETA,EK,SLOW1,SLOW2,SLOW3, 
+ SLOW I NC I, SLOW I NC2, ETAF (7) , MUF (7) , TRNVT (33) 

INTEGER NN(7) ,ACT,CON(6,33,3~ ,TFC,FLAG2,ALL 
CHARACTER ANS*3,ANSI*3,MODE*2,REED*2,MODE1*2,MODE2*2,EXAM*30, 

+ WFILE*30,TRN*30, IWT*30,RES*3,NCON*I,PROB*S4,REST*30,ANSERR*3 
WRITE (6,)',) 'The following input data fi les must already exist 

+ in the directory. I 

WRITE (6,1,) I I 

WRITE (6,*) I A data input fi Ie for the Training Vectors I 



WRITE (6,1c) 1 A data input file for the Initial Weight l 

WRITE (6, )'c) 1 1 

WRITE (6,)'c) 1 Do these data fi les exist in the directory? 
+ (YES/NO) 1 

READ (5, 10) ANS 
10 FORMAT (A l) 
12 FORMAT (A) 

IF (ANS.EQ.IY1.OR.ANS.EQ.lyl) GOTO 20 
WRITE (6, )'c) IThen generate these files before running this 

+ program. 1 

GOTO 500 
20 WRITE (6,1c) IEnter the name of the output data file in which l 

WR I TE (6, )'c) 1 the output of th i s NN program is· to be wr i tten. 1 
READ (5,75) REST 
WRITE (6,1c) 1 Enter the problem name or function. 1 
READ (5, 12) PROB 

WR I TE (6, )'c) 1 Enter the name of the f i 1 e for the Tra i n i ng 
+ Vectors. 1 

READ (5,75) TRN 
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WRITE (6,)'c) IEnter the name of the file for the Initial Weight. 1 

READ (5,75) IWT 
OPEN (2,FllE=IWT,STATUS=IOlD 1) 
WRITE (6,)'c) IEnter the number of I/O training vectors (NTV).I 
READ (5,1c) NTV 
ALl=NTV 
MUFlAG=O 

C To build the network architecture, subroutine NETARCH is 
C called next. 

CALL NETARCH (NHL,NN,ETA,MU) 

C To choose manual or automatic training, subroutine AMTR is 
C ca I I ed nex t. 

CA L L AMTR (MA) 

IF (MA.EQ.2) THEN 
WRITE (6,*) IEnter the value of the desired tolerance on the l 

WRITE (6,*) Itotal output half error squared 1 
READ (5, )'c) TOl 
WRITE (6,)'c) 1 Enter the maximum no. of sweeps allowed. 1 

READ (5,*) MAXSWP 
ERS=IOO.O 

END IF 

I F (MA • E Q. 1) TH E N 
WRITE (6,"c) IEnter the number of sweeps desired. (You can 

+ increase it later if you want to.) 1 
READ (5,*) NSWEEP 

END IF 



C To choose the activation function, subroutine ACTVFCN is 
C called next. 

CALL ACTVFCN (TRNV,O.,W,NN,NHL,CON,ACT,NL,BETA.RES) 

C To choose the learning rule, subroutine LERNRULE is called next. 

CALL LERNRULE (LRULE, EK) 

C To choose the training mode for the network, subroutine TRNMOD 
Cis ca II ed 

CALL TRNMOD (NTR) 

C To initialize the weight and delta weight values. 
DO L=I, NHL+I 

DO 1=1 ,NN (L+j) 
DO J=l ,NN (L)+1 

READ (2,)'c) W(L,I,J) 
OW (L, I ,J) =0. 

END DO 
END DO 

END DO 
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C To build a fully- or partially-connected network. subroutine NETCON 
C is called next. 

CALL NETCON (NHL,NN,CON,NCON,IR) 

C To initialize the DWP matrix with zero for Batch training 
IF (NTR.EQ.j) THEN 

DO L=I,NHL+I 
DO I=I,NN(L+J) 

DO J=I ,NN (L)+I 
DWP (L, I ,J) =0.0 

END DO 
END DO 

END DO 
END IF 

C The MODE1='T ' means that the printing of ongoing calculations 
C (if such is desired by the user) wi I I only be printed at the 
C terminal screen. 

MODEI='T ' 
I SWEEP=O 

30 WR I TE (6, )'c) I Do you wish to see the ongo i ng comprehens i ve 
+ ca I cu I at ions on the screen 7 (YES/NO) I 

READ (5, 10) ANS 
RES=ANS 
WRITE (6,)'c) I Do you want to see the error after each sweep is 

+ comp I eted? (YES/NO) I 

READ (5,10) ANSI 



KV=O 
SLOW1=1.5 
SLOW2=1.5 
SLow3=1·5 
SLOWINC1=5.0 
SLOWINC2=5.0 

WRITE (6,*) 100 you want to save the error vs sweep # in a 
+ separate file for the ' 
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WRITE (6,*) Ipurpose of plotting error vs sweep #? (YES/NO) I 
READ (5,10) ANSERR 
IF (ANSERR.EQ. lyl .0R.ANSERR.EQ.'y') THEN 

CALL PLOTSWER (ISWER,NOSWP) 
NOSWPR=O 

END IF 

C »»»»»»»> The training sweeps starts here. «««««««< 

OPEN (1,FILE=TRN,STATUS='OLD ' ) 
40 IF (MA.EQ.l.AND.ISWEEP.EQ.NSWEEP) GOTO 200 

IF (MA.EQ.2.AND.0.5*ERS.LE.TOL) GOTO 205 
IF (MA.EQ.2.AND.ISWEEP.GT.MAXSWP) THEN 

IF (ANS1.EQ.'Y'.OR.ANS1.EQ.'y') THEN 
WRITE (6,*) MAXSWP,' sweeps have been done and yet the ' 
WRITE (6,"') 'network output error is greater than the ' 
WRITE (6,"') I tolerance. I 
WRITE (6,*) 'Tolerance =',TOL 
WR I TE (6, )'e) 10utput ha 1 f squared er ror = I ,ERS 
WR I TE (6, )") I I 

END IF 
GOTO 204 

END IF 

C To reinitial ize the OW matrix with zero for Batch training 
IF (NTR.EQ.l) THEN 

00 L=1,NHL+1 
DO 1=1 ,NN (L+l) 

DO J=1 ,NN (L) +1 
DW(L,I.J)=O.O 

END DO 
END DO 

END DO 
END IF 
I SWEEP=I SWEEP+1 
ERS=O. 

C To save the weights before they are updated at the beginning of 
C each sweep 

DO L 1=1 ,NHL+l 
DO 11=I,NN(L1+l) 

DO J1=I,NN(Ll)+1 
WP (L 1 , I 1 • J 1) =W (L 1 , I 1 ,J 1) 



END DO 
END DO 

END DO 

DO 1=I,NTV 
C To read the training vectors (one at a time) 

READ (l,l'(,ERR=ll) (TRNV(J),J=I,NN(1)+NN(NHL+2» 
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C To shift ahead the last NN(NHL+2) values of the TRNV array for one 
C place in order to assign 1.0 to the [NN(l)+I]-th entry of the 
C TRNV array as the bias node value. 

DO KZ=I,NN(NHL+2) 
TRNVT (KZ) =TRNV (NN (I) +KZ) 

END DO 
DO KZ=I,NN(NHL+2) 

TRNV(NN(I)+KZ+I)=TRNVT(KZ) 
END DO 
TRNV (NN (1) +1) =1.0 
KV=KV+I 
IF (RES.EQ.IYI.OR.RES.EQ.lyl) THEN 

WR I TE (6,3) I SWEEP 
WRITE (6,5) KV 

END IF 
3 FORMAT (//,4X,IDOING SWEEP NO. = 1,13) 
5 FORMAT (IVECTOR NO. = KV =1,13,/) 

C Calculating the output of the ~odes in hidden & output layers 

CALL ACTVFCN (TRNV,XOUT,W,NN,NHL,CON,ACT,NL,BETA,RES) 

IF (ANS. EQ. I Y I .OR .ANS. EQ. I Y I) CALL REPORT (KV, TRNV, XOUT ,W,NHL 
+ ,NN,MODEI) 

C Calculating the local errors at each node in all layers 

CALL ERROR (W,CON,XOUT,TRNV,ERR,NN,NHL,ACT,LRULE,RES,NL,BETA) 

C To calculate the delta weight values, subroutine UPDATEW is 
C called next. In Single-Pattern training, the weights Ware also 
C updated in this subroutine. In Batch training, W is updated after 
C completing the I=I,NTV loop. 

CALL UPDATEW (NTV,NHL,NN,ETA,MU,EK,ACT,LRULE,RES,DW,ERR, 
+ XOUT,W,NTR) 

C Calculating the cumulative half squared error at the output layer 

DO JA=I,NN(NHL+2) 
AA=TRNV(NN(I)+JA+I)-XOUT(NHL+2,JA) 
ERS=ERS+AAl'(1(2 

END DO 

11 END DO 
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C The tota 1 (output 1 ayer) ha 1 f squared er ror for each sweep 

IF (ISWEEP.GE.2) ERRSWP(ISWEEP-l)=ERS/2. 

C To update the weights (for batch trainin~\ 
IF (NTR.EQ.I) THEN 

DO Ll=I,NHL+l 
DO 11=I,NN(L1+1) 

DO Jl=1 ,NN (Ll)+1 
C To update the weights 

IF (LRULLEQ.l) THEN 
W (L 1,11, J 1) =W (L 1. I 1, J 1) +ETA (Ll+ I) ,'cDW (L 1,11, J I) + 

+ MU (L 1+ 1) ,'cDWP (L 1 , I 1 , J 1) 
DWP (L 1 , I 1. J 1) =ETA (Ll+ 1) ,'cDW (L 1, I 1, J 1) 

END IF 
IF (LRULE. EO. 2) W (L 1,11, J 1) =W (L 1,11, J I) +ETA (L 1+1) ,'c 

+ OW (L 1,11 :J I) 
EN!:; DO 

END DO 
END DO 

END IF 

DO Jl=2,NHL+2 
IF (MU(Jl).GT.O.) MUFLAG=1 

END DO 
IF (ANS1.EQ.IYI.OR.ANS1.EQ.l y l) THEN 

WRITE (6,*) I»»> SWEEP NO. 1, ISWEEP, I IS COMPLETED. ««<1 
WRITE (6,*) 10utput half error squared for sweep (I,ISWEEP-l, 

+ I) =1,ERS/2. 
WRITE (6,"c) lETA =1, (ETA(J1) ,Jl=2,NHL+2) . 
IF (MUFLAG.EQ.1) WRITE (6,"c) IMU =1, (MU(J1) ,Jl=2,NHL+2) 

END IF 
IF (ANSERR.EQ.IYI.OR.ANSERR.EQ.lyl) THEN 

NOSWPR=NOSWPR+l 
IF (NOSWPR.EQ.ISWER) THEN 

WRITE (13,144) ISWEEP,ERS/2. 
NOSWPR=O. 

END IF 
END IF 

144 FORMAT (lOX, 15. 15x,E13.6) 
KV=O 

C To find out the minimum output error from among all sweeps 

IF (ISv/EEP.EQ.1) THEN 
MINERR=ERS/2. 
LASERR=MINERR 
LS=O 
DO L2=I,NHL+l 

DO 12=1 ,NN (L2+1) 
DO J2=I,NN(L2)+1 

WT(L2, 12,J2)=WP(L2, 12,J2) 



END DO 
END DO 

END DO 
END IF 
IF (ISWEEP.GE.2) THEN 

IF (ISWEEP.EQ.2) THEN 
DIFF=ERRSWP(l)-LASERR 

ELSE 
DIFF=ERRSWP(ISWEEP-l)-ERRSWP(ISWEEP-2) 

END IF 
IF (DIFF.GE.O.) THEN 

LASERR=MINERR 
ELSE 

IF (ERRSWP(ISWEEP-l) .LT.LASERR) THEN 
LS=I SWEEP-l 
DO L3=1,NHL+l 

DO 13=1 ,NN (L3+l) 
DO J3=1 ,NN (L3)+1 

WT (L3, 13, J3) =WP (L3, 13,J3) 
END DO 

END DO 
END DO 
MINERR=ERRSWP(ISWEEP-l) 
LASERR=MINERR 

END IF 
END IF 

END IF 

IF (ANS1.EQ.'Y' .OR.ANS1.EQ. Iyl) THEN 
WRITE (6,13) MINERR,LS 

END IF 
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13 FORMAT (lX,1 «( Min. error =1, lX,E14.7, lX, 'from SWF.EP =1,16,1 » 1 
+ ,j j) 

IF (ISWEEP.EQ.l) THEN 
DO IV=2,NHL+2 

ETAF (IV)=ETAO(IV) 
MUF (I V) =MU (I V) 

END DO 
END IF 

C To adjust the value(s) of the learning rate (ETA) and momentum 
C constant (MU) 

CALL ETAMU (NHL,ERRSWP,ETA,MU,ETAF,MUF,ISLOW,ISWEEP,KS, 
+ SLOW1,SLOW2,SLOW3,SLOWINC1,SLOWINC2) 

ERR1=ERRSWP(ISWEEP-l) 
ERR2=ERRSWP(ISWEEP-2) 
ERRO=ERRSWP(ISWEEP) 
IF (ERRO.LT.ERR1.AND.ERR1.LT.ERR2.AND.ERRO.LT.103.6) THEN 

LETAMI.J=LETAMU+l 
IF (LETAMU. EQ. 10) THEN 



DO IU=2,NHl+2 
ETA (I U) =ETA (I u) /1.05 
MU (I u) =MU (I U) /1.05 
IF (ETA(IU).lT •• 1E-6.AND.ERRO.GT.l0.) ETA(IU)=0.IE-6 
IF (MU(IU) .IT..1E-6.AND.ERRO.GT.IO.) MU(IU)=0.IE-6 

END DO 
lETAMU=O 

END IF 
END IF 

C To read all the training vectors in a next sweep for 
C the further training of the network 

REWIND (1) 
GOTO 40 

200 CONTINUE 

I F (MA. E Q. 1) TH E N 
WRITE (6,201) NSWEEP 
WR I TE (6,202) lS 
WRITE (6,203) MINERR 
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WR I IE (6, )'c) I Do you want more sweeps to be done? (YES/NO) I 

READ (5, 10) ANS 
IF (ANS.EQ.'N'.OR.ANS.EQ.'n') GOTO 205 
WR I TE (6, ic) I How many more sweeps ? I 
READ (5, )'c) NSP 
NSWEEP=NSWEEP+NSP 
ANS='AN ' 
GOTO 40 

END IF 
201 FORMAT (2X, 'The minimum error in all these ' ,15, I sweeps camel) 
202 FORMAT (2X,'from sweep no. ' ,15,' • This minimum error is') 
203 FORMAT (2X,EI3.6, I .1,//) 
204 WR I TE (6, )'c) I Enter your cho i ce from the fo I low i ng. I 

WRITE (6,*) I 1 = To give a new tolerance for the output error l 

WRITE (6,*) I 2 = To stop further training at this point ' 
READ (5,)'c) NS 
IF (NS.EQ.2) GOTO 205 
WR ITE (6, )'c) I Enter the new to I erance • I 

READ (5, tc) TOl 
WR I TE (6, )'c) lEn ter the new max i mum no. of sweeps a I lowed. I 

READ (5,*) NMAXSWP 
MAXSWP=MAXSWP+NMAXSWP 
GOTO 40 

C ************************* Training is over ************************* 

C To get the weights corresponding to the sweep with minimum 
C (output layer) error 
205 CLOSE (1) 

DO l4=I,NHl+I 
DO 14=I,NN(l4+1) 



DO J4=I,NN(L4)+1 
W(L4,14,J4)=WT(L4,14,J4) 

END DO 
END DO 

END DO 
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C To write the final weight matrix in the data file named by the user 

OPEN (3,FILE=REST,STATUS='UNKNOWN ' ) 

CALL WEITREP (W,NHL,NN.IR,MUF,ETAF,ACT,LRULE,NCON,EK, 
+ NTV,NSWEEP,3,PROB,MINERR,LS,NL,NTR,BETA) 

WR I TE (6, )'c) I Do you want the er ror a t each sweep to be pr i nted I 
WR I TE (6,)'c) lin the output f i Ie? (YES/NO) I 

READ (S, 10) ANS 
IF (ANS.EQ.'Y'.OR.ANS.EQ.'y') THEN 

WRITE (6,*) 'From which sweep number do you want the error l 

WRITE (6,)'c) 'values to be printed in the output file?' 
READ (S,*) NSUIPP 
IF (NSUIPP.GT.LS) NSUIP=NINT(0.9S*LS) 
IF (NSUIPP.GT.LS) THEN 

WRITE (6,*) 'But only' ,LS,' sweeps were done to the ' 
WRITE (6,*) 'minimum error. Therefore, the error will bel 
WRITE (6,1c) 'printed starting from sweep no.',NSUIP,' I 

WRITE (6,1c) I I 

END IF 
WRITE (6,*) 'How often do you want 
WR I TE (6,1c) I pr i nted in the output 
WRITE (6,1c) I (Say, for example, at 

+ values.) I 

READ (S, )'c) I KNT 
NSUIP=NSUIPP 
IF (NSUIP.LT.l) NSUIP=I 
SP=(LS-NSUIP)/IKNT 
NSU=N I NT (SP) 
IF (NSU.GT.ISO) NSUIP=LS-ISO*IKNT 

WR I TE 0, )'c) I I 

the error values to bel 
f i Ie? I 
every 1st, 2nd, 3rd, etc. 

WRITE O,)'c) 'The minimum error which came from sweep no.',LS 
WRITE O,1c) lis equal to',MINERR,' I 

WR I TE (3, )~) I I 

WRITE O,)'c) I I. 

WRITE O,)'c) I The total output squared error in each sweepl 
WRITE O,)'c) I is listed below for up to',LS,' sweeps. I 

WRITE 0,210) 
WR I TE 0, 2 I I) 
IF (IKNT.NE.I) WRITE 0.220) NSUIP,ERRSWP(NSUIP) 
KNT=O 
DO J=NSUIP,LS 

KNT=KNT+I 
IF (KNT.EQ.IKNT) THEN 

WR I TE 0,220) J, ERRSWP (J) 



KNT=O 
END IF 

END DO 
WRITE (3,"') I I 

WR I TE (3 • ,") I I 

END IF 
210 FORMAT (j,SX,'SWEEP NO. ' ,12X,'ERROR ' ) 211 FORMAT (SX, 1 _________ 1 ,9X, I --__________ I ,/) 

220 FORMAT (SX,IS,12X,EI3.6) 
C To check if the Neural Network has truly learned the problem 
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WRITE (6,*) I I am a trained neural network. You may now want l 

WR I TE (6, "') I to check on me to see if I 1 earned to solve your I 
WRITE (6,"') 'problem. Do you wish to do this at the terminal? 

+ (YES/NO) I 

READ (S,IO) ANS 
TFC=O 
IF (ANS.EQ.'N'.OR.ANS.EQ.'n') GOTO 70 

100 WRITE (6,*) I Enter the output mode. I 

WRITE (6,"') I I 

WRITE (6,''') I T at the terminal I 

WRITE (6,"') I F in an output fi lei 
WRITE (6,"') I TF both at the terminal and in an output file ' 
READ (S,110) MODE 
ITEX=1 

110 FORMAT (A2) 
13S FORMAT (2X,'The solution datal ,II) 

I F (MODE. EQ. I T I • OR. MODE. EQ. I TE I • OR. MODE. EQ. I t I • OR .MODE. EQ. I te I) 
+ GOTD ISO 

IF (HODE. EQ. I Fl. OR .MODE. EQ. I F,I I • OR .MODE • EQ. I fl. OR .MODE. EQ. I f i I) 
+ GOTO 160 

C To read in the test input vector 

140 CALL TESTVEC (TRNV,NHL,NN,FLAG2) 
CALL ACTVFCN (TRNV,XOUT,W,NN,NHL,CON,ACT,NL,BETA,RES) 
TFC=TFC+l 
IF (TFC.EQ.l) WRITE (3,13S) 

C To print the results of the solution 
CALL RESULT (TRNV,XOUT,NHL,NN,MODE,1,FLAG2,IR,0) 
WR I TE (6, "') I Another test vector? (YES/NO) ! 

READ (5, 10) ANS 
IF (ANS.EQ.'N'.OR.ANS.EQ.'n') GOTO 70 
GOTO 140 

ISO CALL TESTVEC (TRNV,NHL,NN,FLAG2) 
CALL ACTVFCN (TRNV,XOUT,W,NN,NHL,CON,ACT,NL,BETA,RES) 

C To print the results of the solution 
CALL RESULT (TRNV,XOUT,NHL,NN,MODE,I,FLAG2,IR,0) 
WRITE (6,"') I Another test vector? (YES/NO) I 

READ (S, 10) ANS 



160 

C 

70 

75 

C 
C 

c 
76 

C 
C 
C 

C 

C 

79 

IF (ANS.EQ.'N'.OR.ANS.EQ.'n') GOTO 70 
GOTO 150 
CALL TESTVEC(TRNV,NHL,NN,FLAG2) 
CALL ACTVFCN (TRNV,XOUT,W,NN,NHL,CON,ACT,NL,BETA.RES) 

To print the results of the solution 
CALL RESULT (TRNV,XOUT,NHL,NN,MODE,I,FLAG2,IR,0) 
WRITE (6,tc) ' Another test vector 1 (YES/NO) , 
READ (5, 10) ANS 
IF (ANS.EQ.'N'.OR.ANS.EQ.'n') GOTO 70 
GOTO 160 
WRITE (6,tc) 'Would you I ike to give me an exam from an input' 
WR I TE (6, )'c) 'data f i Ie 1 (YES/NO) , 
READ (5, 10) ANS 
IF (ANS.EQ.'N'.OR.ANS.EQ.'n') GOTO 80 
ITEX=I 
WRITE (6,)'c) 'What is the name of the exam fi Ie l' 
READ (5,75) EXAM 
FORMAT (A30) 
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WRITE (6,*) 'Though the answers (i .e., the desired output) are' 
WRITE (6,)'c) 'not necessary, are they also given? (YES/NO)' 
READ (5,10) ANS 
IE=I 
IR=I 
IF (ANS.EQ.'Y'.OR.ANS.EQ.'y') 11=1 
IF (ANS.EQ.'N'.OR.ANS.EQ.'n') 11=0 
OPEN (4,FILE=EXAM,STATUS='OLD') 

The MODE2='F' means that the results of the program will be directed 
by subroutine RESULT into a data output file named by the user. 

MODE2='F' 

To read the exam vectors (one at a time) 
I F (II .EQ. I) THEN 

READ (4,tc,END=79) (TRNV(I), 1=I,NN(l)+NN(NHL+2» 
To shift the last NN(NHL+2) values of the TRNV array for one place 
in order to assign 1.0 to the [NN(I)+I]-th entry of the TRNV array 
as the bias node value. 

DO KZ=I ,NN (NHL+2) 
TRNVT (KZ) =TRNV(NN (I)+KZ) 

END DO 
DO KZ=I ,NN (NHL+2) 

TRNV(NN(I)+KZ+I)=TRNVT(KZ) 
END DO 

END IF 
IF (II.EQ.O) READ (4,42,END=79) (TRNV(I),I=I,NN(l» 
IF (II.EQ.O) READ (1+,)'c,END=79) (TRNV(I),I=I,NN(l» 
TRNV(NN(l)+l)=I.O 
CALL ACTVFCN (TRNV,XOUT,W.NN,NHL,CON,ACT,NL,BETA,RES) 

To record the result (i.e., the solution) of the exam questions 
CALL RESULT (TRNV,XOUT,NHL,NN,MODE2,1,11,IR,IE) 
GOTO 76 
IE=O 
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CLOSE (4) 
80 WRITE (6,*) 'Would you 1 ike to test me at the terminal again ?I 

WR I TE (6, "c) I (YES/NO) I 
READ (5, 10) ANS 
IF (ANS.EQ.'Y'.OR.ANS.EQ.'y') GOTO 100 
IND=O 
IF (!R.EQ.O) THEN 

WRITE (6,90) 
IF (MODE.EQ.'F'.OR.MODE.EQ.'FI'.OR.MODE.EQ.'f ' • 

+ OR.MODE.EQ.'fi ' ) IND=2 
IF (MODE.EQ.'TF'.OR.MODE.EQ.'tf ' ) IND=3 
iF (IND.EQ.2.0R.IND.EQ.3) WRITE (3,90) 

END IF 
90 FORMAT (/,5X,' It has been my pleasure to take your exam. I ,/) 

IF (ITEX.NE.l) GOTO 120 
WRITE (6,*) I if you graded my exam, did I pass? (YES/NO) I 
READ (5, 10) ANS 
IF (ANS.EQ.'Y'.OR.ANS.EQ.'y') THEN 

WRITE (6,"c) I I am glad I did. Thank you. I 
GOTO 120 

ELSE 
GOTO 92 

END IF 
92 WRITE (6,*) 'Would you like to teach me the same training ' 

WRITE (6,''') Ivectors as before (written in the training datal 
WR I TE (6 ,"c) I input f i 1 e)? (YES/NO) I 
READ (5, 10) ANS 

. IF (ANS.EQ.'N'.OR.ANS.EQ.'n') GOTO 120 
WRITE (6,"c) 'From the total of the',ALL,' training vectors, I 
WRITE (6,"c) 'how many do you want me to learn again ?I 
READ (5, ,'c) NTV 
WR I TE (6, ,.c) I Do i ng how many more sweep (s) ? I 
READ (5, ,.c) NSP 
NSWEEP~NSWEEP+NSP 
WRITE O,"c) I t 

WRITE (3,*) 1**************************************************1 
WR I TE (3, "c) I I 

WRITE (3,"c) II am being trained again with part or all of the ' 
WRITE (3,"c) I same training vectors as included in the original I 
WRITE (3,"c) 'training data input file. ' 
WRITE (3,"c) ; , 
WRITE (3,"c) 'The following is the new (i .e., re-adjusted) I 
WRITE (3,*) 'weight values after I am retrained. ' 
WRITE (3,"c) I I 

C To start the training again with all or some of the same vectors as 
C in the original training data input file 

GOTO 30 
120 CLOSE (2) 

CLOSE (3) 
IF (ANSERR.EQ.'Y'.OR.ANSERR.EQ.'y') CLOSE (13) 

C To record the final weights after the training is done 

j 
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WRITE (6,*) 'It may be useful to record the final weights in a' 
WRITE (6,"c) 'separate data file. These weights may, for example' 
WRITE (6,,'c) " be used as initial weight values should the user' 
WRITE (6,"c) 'so desire in a re-run of this program.' 
WRITE (6,''') , , 
WRITE (6,)'c) 'Now, do you want the updated final weights to be' 
WR ITE (6, "c) 'recorded in an output data f i Ie? (YES/NO) , 
READ (5,10) ANS 
IF (ANS.EQ.'Y'.OR.ANS.EQ.'y') CALL FINALW (W,NHL,NN,MUF,ETAF, 

+ ACT,LRULE,NCON,EK,NTV,NSWEEP,PROB,MINERR,LS,NL,NTR,BETA) 

500 STOP 
END 

CCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCC 
CCCCCCCCCCCCCCCCCCCCCCCCC CCCCCCCCCCCCCCCCCCCC 
CCCCCCCCCCCCCCCCCCCCCCCCC End of the main program CCCCCCCCCCCCCCCCCCCC 
CCCCCCCCCCCCCCCCCCCCCCCCC CCCCCCCCCCCCCCCCCCCC 
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C Subroutine NETARCH builds the backpropagation network. 

SUBROUTINE NETARCH (NHL,NN,ETA,MU) 
REAL ET,MUU,ETA(7) ,MU(7) 
INTEGER NN (]) 
CHARACTER ANS,'c3 
WR I TE (6, fc) 'E nter the number of Hidden Layer s . ' 
READ (5, "c) NHL 
WRITE (6,*) 'The number of nodes in input layer, hidden layer(s) 

+ ,and output layer, respectively.' 
READ (5,"c) (NN(I),I=I,NHL+2) 

C The input layer does not learn; only the hidden & output 
C layers do. 

ETA (1) =0. 

WRITE (6,*) 'Do you want to use the same value for the learning' 
WR I TE (6, "c) 'rate (ETA) and momentum term (MU) for hidden and' 
WRITE (6,"c) 'output layers? (YES/NO)' 
READ (5, 10) ANS 

10 FORMAT (A 1) 
IF (ANS.EQ.'Y'.OR.ANS.EQ.'y') THEN 

WRITE (6,,'c) 'Enter the value of learning rate (ETA) and 
+ momentum term (MU), respectively.' 

READ (5,*) ET,MUU 
DO 1=2,NHL+2 

ETA(I)=ET 
MU (I) =MUU 

END DO 
ELSE 

WR I TE (6, fC) 'Enter the va 1 ues of the I earn i ng rates (ETA)' 
WRITE (6,"c) 'for hidden layer I to hidden layer' ,NHL 



WRITE (6,*) land output layer, respectively.1 
READ (5,)'c) (ETA (I) ,1=2,NHL+2) 
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WRITE (6,)'c) IEnter the values of the momentum constant (MU) I 
WRITE (6,*) Ifor hidden layer I to hidden layerl,NHL 
WRITE (6,"c) land output layer, respectively.' 
READ (5,)'c) (MU (I), 1=2,NHL+2) 

END IF 
RETURN 
END 
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C This subroutine sets whether Manual or Automatic Training is 
C desired by the user. 

SUBROUTINE AMTR (MA) 
CHARACTER TM)'c20 

10 WRITE (6,"c) IEnter your choice from the following. 1 

WRITE (6,)'c) I A = Automatic Trainingl 
WRITE (6,)'c) I M = Manual Trainingl 
WRITE (6,)'c) I [Type H(ELP) for help.]1 
READ (5,15) TM 

15 FORMAT (Al) 
IF (TM. EQ. I MI .OR. TM.EQ. Iml) MA=I 
IF (TM.EQ.IAI.OR.TM.EQ.lal) MA=2 
IF (TM.EQ.IHI.OR.TM.EQ.lh l ) MA=3 
IF (I"A.NE.I.AND.MA.NE.2.AND.MA.NE.3) THEN 

WRITE (6,)'c) Iinvalid response. Try again.1 
GOTO 10 

END IF 
IF (MA.EQ.3) CALL HELPME (I) 
IF (MA.EQ.3) GOTO 10 
RETURN 
END 
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C This subroutine sets what learning algorithm is desired by the user. 

SUBROUTINE LERNRULE (LRULE,EK) 
REAL EK 
CHARACTER RESfc4 
WRITE (6.*) IThere are included two algorithm options for the l 

WRITE (6,*) Idelta weight calculations. These are :1 
WRITE (6,"c) IThe Generalized Delta Rule with momentum term, and l 

WR I TE (6, )'c) I the Tar i q Samad a Igor i thm (from Honeywe II) • I 
WR I TE (6, iC) I I 

10 WRITE (6,,.c) IEnter the algorithm of your choice. 1 

WRITE (6,)'c) I I 
WRITE (6,)'c) I G Generalized Delta Rule with momentum I 
WRITE (6,"c) I F = Fast backpropagation (by Tariq Samad) I 
READ (5, 15) RES 



15 FORMAT (AI) 
IF (RES.EQ.'G'.OR.RES.EQ.'g') LRULE=l 
IF (RES.EQ.'F'.OR.RES.EQ.'f') LRULE=2 
IF (RES.EQ.'H'.OR.RES.EQ.'h') LRULE=3 
IF (LRULE.NE.l.AND.LRULE.NE.2.AND.LRULE.NE.3) THEN 

WRITE (6,*) 'Invalid response. Try again.' 
GOTO 10 

END IF 
IF (LRULE.EQ.3) THEN 

WRITE (6,*) 'Sorry, no on-line help is available on this' 
WR I TE (6, ,'c) 'subj ect. Try aga in choos i ng G or F.' 
GOTO 10 

END IF 
IF (LRULE .EQ.2) THEN 

WRITE (6,"c) 'Enter the error constant K.' 
READ (5, ,.c) EK 

END IF 
RETURN 
END 
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C This subroutine sets what training method (i .e, the training mode) 
C is desired by the user. 

SUBROUTINE TRNMOD (NTR) 
CHARACTER TR'~4 

10 WRITE (6,"c) 'Enter what training method to be used as follows.' 
WRITE (6,*)' B = Batch training' 
WRITE (6,*)' S = Single~pattern training' 
WRITE (6,"c)' [ Type H (ELP) for help.]' 
READ (5,15) TR 

15 FORMAT (AI) 
IF (TR.EQ.'B'.OR.TR.EQ.'b') NTR=1 
IF (TR.EQ.'S'.OR.TR.EQ.'s') NTR=2 
IF (TR.EQ.'H'.OR.TR.EQ.'h') NTR=3 
IF (NTR.NE.l.AND.NTR.NE.2.AND.NTR.NE.3) THEN 

WR I TE (6, "c) 'I nva lid response. Try aga in. ' 
GOTO 10 

END IF 
IF (NTR.EQ.3) CALL HELPME (2) 
IF (NTR.EQ.3) GOTO 10 
RETURN 
END 
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C This subroutine determines whether a fully- or partially-connected 
C backpropagation network is desired by the user. If a partially-
C connected network is desired, the the subroutine will then ask the 
C user which connection(s) are to be "broken". 



SUBROUTINE NETCON (NHL,NN,CON,NCON,IR) 
INTEGER NN (]) ,DCON,CON (6,33,33) ,BDCON,MN (32) 
CHARACTER NCON)"l 

C The default network is a fully-connected backpropagation network. 

165 

C To build the default network, all the entries of the CON matrix are 
C set equal to 1 as follows. 

DO L=I,NHL+l 
DO J=l,NN(L+l) 

DO 1=1, NN (L) + 1 
C ON (L,J, I) =1 

END DO 
END DO 

END DO 
IR=l 

C To build a partially-connected backpropagation network 
WR I TE (6,l'c) I Enter your cho i ce of a network. I 
WRITE (6,)") I I 

15 WRITE (6,)") I F = Fully-connected ' 
WRITE (6,*) I P = Partial ly-connected ' 
WRITE (6,*) I [ Type H (ELP) for help.] I 
READ (5,10) NCON 

10 FORMAT (AI) 
IF (NCON.EQ.'F'.OR.NCON.EQ.'f ' ) ICON=1 
IF (NCON. EQ. I pi .OR.NCON .EQ. I pi) I CON=2 
IF (NCON.EQ.'H'.OR.NCON.EQ.'h ' ) ICON=3 
I F (I CON.NE. 1.AND.1 CON.NE.2.AND.1 CON.NE .3) THEN 

WR I TE (6, )") I I nva 1 i d response. Try aga in. I 
WR I TE (6, l',) I Choose from: I 
GOTO 15 

END IF 
IF (ICON.EQ.3) CALL HELPME 0) 
I F (I CON. EQ. 3) GOTO 15 
IF (ICON.EQ.l) RETURN 
WRITE (6,*) 'Then you need to specify which connection(s) are l 

WRITE (6,l") Ito be disconnected with the instructions given 
+ below. I 

DO L=1,NHL+1 
WRITE (6,l") 'How many disconnections do you have in layer' 

+ ,L, 'and ' ,L+l, I between non-bias nodes ?I 
READ (5,"') DCON 
DO K=l, DCON 

WR ITE (6, l',) I Enter the two node numbers of 1 ayers I, L 
WRITE (6,"c) I and ' ,L+1, I , respectively, separated by a 

+ comma (,). I 
READ (5,·l'C) I. J 
CON (L, J , I) =0 

END DO 
WR ITE (6,1',) I How many disconnect ions do you want between the 1 

WR I TE (6, l',) 1 bias node of 1 ayer 1 , L, I and the non-b i as nodes 1 

WRITE (6,"') 'of layer ' ,L+1, I?I 
READ (5, l") BCON 
IF (BCON.GT.O) THEN 
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WRITE (6.)·c) 'Enter the non-bias node numbers of layer',L+I 
WRITE (6,*) 'which are not connected to the bias node of ' 
WR I TE (6, l'C) I layer' , L, , • ' 
READ (5, l'C) (MN (M) , M::: I, BCON) 
DO N=I,BCON 

CON (L, ,.IN (N) , NN (L) + I) =0 
END DO 

END IF 
END DO 
RETURN 
END 
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C This subroutine sets whether I inear or nonlinear output node(s) are 
C to be used as desired by the user. Also, what kind of nonl inear 
C act ivat i on funct i on to be used by the non I i near node (s) is set in 
C this subroutine by the user. Finally, This subroutine will give the 
C output of every node after each forward pass. 

SUBROUTINE ACTVFCN (TRNV,XOUT,W,NN,NHL,CON,ACT,NL,BETA,RES) 
REAL XOUT(7,33) ,TRNV(33) ,w(6,33,33) ,SUM,BETA 
INTEG ER NN (]) , CON (6 133,33) , ACT 
CHARACTER REStcl 
IF (ACT.NE.I.AND.ACT.NE.2.AND.ACT.NE.3.AND.ACT.NE.4) THEN 

WR I TE (6, l'C) 'For the output layer, enter I or 2 based on the 
+ following.' 

WR I TE (6. l'C) , I = Linear output node (s) , 
WR I TE (6, te)' 2 = Non I i near output node (s) , 
READ (5,l'C) NL 
WRITE (6,l'C) 'Enter your choice of an activation function 

+ as follows:' 
WR I TE (6, l'C) , , 
WRITE (6,l'C) , I Sigmoid function (-]<f(X)<1) , 
WRITE (6,*) I 2 = Hyperbolic tangent function' 
WRITE (6,tc) , 3 = Sine function' 
WRITE (6 , ,'C) , 4 = Sigmoid function (O<f(X)<1) , 
READ (5, l'C) ACT 
WRITE (6,tc) 'BETA =? (For the activation function)' 
READ (5, l'C) BETA 
RETURN 

END IF 
C The input nodes are LINEAR. 

DO K=I,NN (1)+1 
XOUT (l , K) =TRNV (K) 

END DO 

DO L=2,NHL+2 
DO J=I ,NN (L) 

SUM=O. 
DO 1=1 ,NN (L-J)+1 

IF (CON(L-l,J, I) .EQ.O) W(L-l,J,I)=O. 



SUM=SUM+W (L-1, J, I) ,'cXOUT (L-1 , I) 

END DO 

IF (RES.EQ.·Y·.OR.RES.EQ.·y·) THEN 
WRITE (6,5) L,J, I 
WRITE (6,6) L-1,J,I,W(L-l,J,I) 
WR I TE (6,]) L -1 , I , XOUT (L -1 , I) 

END IF 

IF (RES.EQ.·Y·.OR.RES.EQ.·y·) WRITE (6,8) SUM 
C Linear output node(s) 

IF (L.EQ.NHL+2.AND.NL.EQ.1) XOUT(L,J)=SUM 
C Nonlinear output & hidden node(s) 

IF (L.LT.NHL+2.0R.NL.NE.1) THEN 
IF (ACT.EQ.l) CALL SIGMOID1 (SUM,BETA,XOUTLJ) 
IF (ACT.EQ.4) CALL SIGMOID2 (SUM,BETA,XOUTLJ) 

C IF (ACT.EQ.4) CALL HYPT (SUM,BETA,XOUTLJ) 
XOUT(L,J)=XOUTLJ 
IF (ACT.EQ.2) XOUT(L,J)=TANH(BETA*SUM) 
I F (ACT. EQ. 3) XOUT (L, J) =S I N (BETMcSUM) 

END IF 
END DO 
IF (L.LT.NHL+2) XOUT(L,NN(L)+1)=1.0 

END DO 
5 FORMAT (2X,·(L,J,I) = (·,12,',·,12,·,.,12,· ).) 
6 FORMAT (2X,· W(L-1,J,I) = W(·,12,·,·,12,·,·,12,·)=·,E13.6) 
7 FORMAT (2X,·XOUT(L-1,1) == XOUT(·,12,·,·,12,·)=·,E13.6) 
8 FORMAT (2X,·SUM ==. ,E13.6,//) 

RETURN 
END 
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10 

SUBROUTINE SIGMOID1 (X,BETA,Y) 
REAL X,Y,Z,BETA 
Z==BETMeX 
IF (ABS(Z).GT.10.) THEN 

I F (Z. GT. 10.) y= 1 .0 
IF (Z. LT. -1 0.) Y=-l. 0 
GOTO 10 

END IF 
Y= (l.-EXP (-Z» I (l.+EXP (-Z» 
RETURN 
END 

-1 < Y < 1 
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SURROUT I NE S I GMO I D2 (X, BETA, Y) 
REAL X,Y,Z,BETA 
Z=BETA'~X 
IF (Z.GT. 10.) THEN 

Y=1.0 
GOTO 10 

END IF 

o < Y < 1 



168 

Y=l./ (1.+EXP (-Z» 
10 RETURN 

END 
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C This is the subroutine in which the hyperbol ic tangent of an 
C argument is calculated. 

SUBROUTINE HYPT (X,BETA,Y) 
REAL X,Y,P,BETA 
Z=BETM'X 
Y= (EXP (Z) -EXP (-Z» / (EXP (Z) +EXP (-Z» 
RETURN 
END 
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C The local error at each node is calculated after each forward pass 
C in this subroutine. 

C 

C 

SUBROUTINE ERROR (W,CON,XOUT,TRNV,ERR,NN,NHL,ACT,LRULE,RES,NL, 
+ BETA) 

To 

To 

REAL W(6,33,33) ,XOUT(7,33) ,TRNV(33) ,ERR(7,33) ,DIFF,SUM,BETA 
INTEGER NN (7) ,ACT,CON (6,33,33) . 
CHARACTER RES,'c3 

initialize the ERR(.,.) array wi th zero 
DO L=NHL+2,I,-1 

DO J= 1 ,NN (L) 
ERR (L, J) =0. 

END DO 
END DO 

IF (RES.EQ.'Y'.OR.RES.EQ.'y') THEN 
PR I NT''', I I 
PR I NT"', 'THE FOLLOWING ARE FROM SUBROUTINE 
PR I NT"" I 

END IF 

calculate the local 

DO L=NHL+2,2,-1 
DO J= 1 , NN (L) 

UPTO ERROR ( . , .) 

error at each node in 

IF (L.EQ.NHL+2) THEN 
DIFF=TRNV(NN(I)+J+l)-XOUT(L,J) 

) I 

each 

IF (RES.EQ. lyl .OR.RES.EQ. Iyl) THEN 

ERROR. I 

layer 

PR I NT''', I TRNV (NN (1) +J+ 1) = I , TRNV (NN (1) +J+ 1) 
PRINT"" I XOUT(NHL+2,J)=',XOUT(L,J) 

END IF 
IF (NL.EQ.2) SUM=DI FF 
IF (RES.EQ.'Y'.OR.RES.EQ.'y') THEN 



PR I NT)'", 0 IFF (J) = 0 IFF (' ,J , ') =',0 IFF 
PR I NT:", ' 

END IF 
ELSE 

SUM=O. 
DO K=l,NN(L+1) 

IF (CON(L.K,J) .EQ.O) W(L,K,J)=O. 
SUM=SUM+ERR (L + 1, K) )'cW (L, K, J) 

END DO 
END IF 
IF (L.EQ.NHL+2.AND.NL.EQ.1) ERR(L,J)=DIFF 
IF (L.LT.NHL+2.0R.NL.NE.1) THEN 
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I F (ACT. E Q. 1) ERR (L, J) =0. 5)'cSUM)"BET M' (I • - XOUT (L, J) )'0"2) 
IF (ACT.EQ.2) ERR(L,J)=SUMl"BETM'(1.-XOUT(L,J»)'cl'c2) 
I F (ACT. EQ. 3) ERR (L, J) =SUM)"BETM'COS (XOUT (L, J» 
IF(ACT.EQ.4) ERR(L,J)=SUM*BETA*XOUT(L,J)*(I.-XOUT(L,J» 

END IF 
END DO 

END DO 
IF (RES.EQ.'Y'.OR.RES.EQ.'y') THEN 

DO L=NHL+2,1,-1 
PRINT)'c,' ERRORS IN NODES OF LAYER' ,L,' ARE:' 
DO J=I,NN(L) 

PR I NT)",' ERROR (' , L., ' , ' , J, , ) =' ,ERR (L, J) 
END DO 

END DO 
PR I NT)', , ' , 

END IF 
RETURN 
END 
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C This subroutine either updates the weight matrix W in Single-Pattern 
C training or calculates the cumulative weight changes (OW's) in Batch 
C training, whichever was asked for by the user. 

SUBROUTINE UPDATEW (NTV,NHL,NN,ETA,MU,EK,ACT,LRULE,RES.DW,ERR, 
+ XOUT, W, NTR) 

REAL ETA{]) ,ERR{7,33) ,XOUT(7,33) ,DW(6,33,33) ,w(6,33,33) ,MU(7), 
+ EK 

INTEGER NN(7) ,ACT 
CHARACTER RES)'c3 

C There are included two algorithm options for the delta weight 
C calculations. These are: The General ized Delta Rule with momentum 
C term, and the Tariq Samad algorithm (from Honeywell). 

IF (RES.EQ.'Y'.OR.RES.EQ.'y') THEN 
IF (NTR.EQ.2.0R.NTV.EQ.I) NP=I 

END IF 
DO L=I,NHL+I 

DO J= I , NN (L + 1) 
DO I=I,NN(L)+I 



C To update the DW's 
Y=ERR(L+l,J)*XOUT(L,I) 
Z=EKl'cERR (L+l , J) l'cERR (L, I) 
IF (LRULE. EQ. 1) THEN 
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IF (NTR.EQ.2) DW(L,J,I)=ETA(L+l)1cY+MU(L+1)1cDW(L,J, I) 
IF (NTR. EQ. 1) DW (L, J, I) =DW (L, J, I) +Y 

END IF 
IF (LRULE.EQ.2) THEN 

IF (NTR. EQ.2) DW (L,J, I) =ETA (L+l) l'C (Y+Z) 
IF (NTR.EQ.l) DW(L,J, I)=DW(L,J, I)+Y+Z 

END IF 
C To update the weight W in Single-Pattern training 

IF (NTR.EQ.2) W(L,J,I)=W(L,J,I)+DW(l.,J,I) 

C NOTE: Updating the weight W in Batch training is done after return-
C ing from this subroutine & finishing the DO 1=I,NTV loop completely. 

IF (NP.EQ.J) THEN 
PRINT*, I THE FOLLOWING IS FROM SUBROUTINE UPDATEW.' 
PR I NTl'c, I (UPTO W (L, J, I) ) I 

PR I NTl'c, I (L, J, I) = I , L, J, I 
PR I NTl'" I DW= I , DW (L, J , I) 
PR I NT)'c, I XOUT (L, I) = I ,XOUT (L, I) 
PRINTl'" I ETA (L+l) =1 ,ETA (L+J) 
PRINTl'C, I MU(L+l) =',MU(L+J) 
PRINTl'" I ERROR(L+l,J) =',ERR(L+l,J) 
IF (I. LE • NN (L» PR I NT*, I ERROR (L, I) = I ,ERR (L, I} 
PR I NTl'c, I W (L, J , I) = I ,W (L. J, I) 
PRINT)'c, I I 

END IF 
END DO 

END DO 
END DO 
RETURN 
END 
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C This subroutine adjusts the values of the learning rate (ETA) and 
C momentum constant (MU) as training of the neural network continues. 

SUBROUTINE ETAMU (NHL,ERRSWP,ETA,MU,ETAF,MUF,ISLOW,ISWEEP,KS, 
+ SLOWI ,SLOW2, SLOW3, SLOW I NC I, SLOWI NC2) 

REAL ERRSWP (50000) , ETA (]) ,MU (]) ,ETAF (7) ,MUF (]) ,SLOWI ,SLOW2, 
+ SLOW3,SLOWINC1,SLOWINC2 

ERR1=ERRSWP(ISWEEP-I) 
ERR2=ERRSWP(ISWEEP-2) 
ERRO=ERRSWP(ISWEEP) 
IF (ERRO.GT.ERR1.AND.ERR1.LT.ERR2) ISLOW=1 
IF (ERRO.LT.ERR1.AND.ERR1.GT.ERR2) ISLOW=1 

IF (ERRO.LT.O.l) THEN 



DO IU=2,NHL+2 
ETA(IU)=ETAF(IU)/SLOWI 
MU(IU)=MUF(IU)/SLOWI 
IF (ETA(IU).LT.O.l) ETA(IU)=O.l 
IF (ETA(IU) .LE.0.1.AND.IU.EQ.NHL+2) ETA(IU)=0.o8 

END DO 
SLOW1=SLOW1+0.3*SLOWINC1 
SLOWINC1=SLOWINC1-1.0 
IF (SLOWINC1.LT.O.O) SLOWINC1=1.0 

END IF 

IF (ERRO.GT.0.01.AND.ERRO.LT.1.0) THEN 
IF (ERRO.LT.ERR1.AND.ERR1.LT.ERR2.AND.(ERR1-ERRO). 

+ LT.0.0000001) THEN 
DO IU=2,NHL+2 

ETA (I U) =1 .005,'cETA (I U) 
MU (I U) = 1 • 005 ,'cMU ( I U) 

END DO 
END IF 
GOTO 100 

END IF 

IF (ERRO.GT.O.1.AND.ERRO.LT.1.0) THEN 
IF (ERRO.LT.ERR1.AND.ERR1.LT.ERR2) GOTO 100 
IF (ISLOW.EQ.1.AND.ISWEEP.GT.KS+5) THEN 

DO IU=2,NHL+2 
ETA(IU)=ETAF (IU)/SLOW2 
MU (Ill) =MUF (I U) /S LOW2 

END DO 
ISLOW=O 
SLOW2=SLOW2+0·3*SLOWINC2 
SLOWINC2=SLOWINC2-1.0 
IF (SLOWINC2.LT.0.0) SLOWINC2=J..O 
KS=ISWEEP 
GOTO 100 

END IF 
IF (ERRO.LT.ERR"l.AND. (ERR1-ERRO) .LT.O.OOOOOO!) THEN 

DO IU=2,NHL+2 
ETA (I U) =1 .005,'cETA (I U) 
MU (I U) =1 .005'~MU (I U) 

END DO 
END IF 

END IF 

IF (ERRO .GT. 1.0 .AND. ERRO .LE. 10.0 .AND. ERRO .GT. ERR 1) THEN 
SLOW3=ERRO"o~0. 4 
DO IU=2,NHL+2 

ETA(IU)=ETAF (IU)/SLOW3 
MU(IU)=MUF(IU)/SLOW3 

END DO 
END IF 
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IF (ERRO.GT.10.O.AND.ERRO.GT.ERRJ) THEN 
SLOW3=ERRO"''''0.1 
DO IU=2,NHL+2 

ETA(IU)=ETAF(IU)/SLOW3 
MU(IU)=MUF (IU)/SLOW3 

END DO 
END IF 

100 RETURN 
END 
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C This subroutine accepts from the user the name of the separate file 
C for saving the si2e of the error vs sweep # for the purpose of 
C plotting error vs sweep #. 

SUBROUTINE PLOTSWER (ISWER,NOSWP) 
CHARACTER SWERFILE*20 
WR I TE (6, )',) 'Enter the name of the f i 1 e for th i s purpose.' 
READ (5.10) SWERF I LE 

10 FORMAT (A) 
OPEN (13,FILE=SWERFILE,STATUS='UNKNOWN' ,ACCESS='APPEND') 
WRITE (6,)") 'How often do you want the error values to be saved 

+ in the file (,say' 
WRITE (6,)") 'every n sweeps. So enter the value of n.)' 
READ (5.*) ISWER 
NOSWP=O 
DO 1=1,100000 

READ (13,20,ERR=15,END=30) ISW,ERR 
NOSWP=NOSWP+l 

15 END DO 
20 FORMAT (lOX, 15, 15X,EI3.6) 
30 IF (NOSWP. EQ. 0) THEN 

WR I TE (l3, 40) 
WRITE (13,50) 
WR ITE (13,60) 
WR I TE (13,70) 

END IF 
40 FORMAT (2X,'This is a file containing the sweep numbers and') 
50 FORMAT (2X, 'their corresponding error values.',III) 
60 FORMAT (lOX, 'SWEEP NO.', 16x, 'ERROR') 
70 FORMAT (lOX, '=========' , lOX, '================' ,I) 

RETURN 
END 

CCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCC 

C This subroutine records all the final results of the network after 
C it is trained and also calls subroutine IDENTIFY to record the 
C problem identification and network specifications. 



I 
I 
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SUBROUTINE WEITREP (W,NHL,NN,IR,MUF,ETAF,ACT,LRULE,NCON,EK, 
+ NTV ,NSWEEP, NF, PROB, ER, I SW ,NL ,NTR, BETA) 

REAL W(6,33,33) ,ETAF (7) ,MUF (]) ,ER,EK 
INTEGER NN(7) ,ACT 
CHARACTER NCON*I,PROB*72 
IF (IR.NE.O) THEN 

WRITE (3,)'~) I)'C This is an output data file from the NEURAL ' 
WRITE (3,)'c) 'NETWORK program (NN.FOR). In this data file,' 
WRITE (3,*) 'all the network weights are recorded after the ' 
WRITE (3,)'c) 'network training is completed. In the case the ' 
WRITE (3,)'c) Iprogram user tested the trained network ability' 
WRITE (3,*) Ito solve problems by presenting test problems,' 
WRITE (3,)'c) 'all the test vectors and the corresponding NN ' 
WRITE (3,)'c) 'solution are also recorded following the ' 
WRITE (3,)'c) 'weights. I 
WR I TE (3, )'c) I I 

WRITE (3,)'c) I I 
WRITE (3,*) 1***********************************************1 

END IF 
CALL IDENTIFY (NHL,NN,MUF,ETAF,ACT,LRULE,NCON,EK,NTV, 

+ NSWEEP,NF,PROB,ER,ISW,NL,NTR,BETA) 
WR I TE (3, 1 0 ) 

10 FORMAT (//,1 THE FINAL WEIGHTS ARE: ' ,I) 
DO L=I,NHL+I 

WRITE (3,12) 
WRITE (3,15) L,L+I 
DO 1=1 ,NN (L+I) 

WRITE (3,20) I,L+I,NN(L)+I,L 
DO J= I , NN (L) + I 

WRITE (3,)'c) W(L, I ,J) 
END DO 

END DO 
END DO 

12 FORMAT (j /, I)'C W ( Layer, Node on layer L+I, Node on 1 ayer L ) I) 
15 FORMAT (j,IX,I),C Weights between layers ' ,12,' and ' ,12,' are: I ,/) 
20 FORMAT (/, IX, 'Weights between node ' , 13,1 of layer ' ,12,' and 

+ each of the ' ,13,' node(s) of layer',J2,' are: ' ) 
WRiTE O,)'c) I I 
WRITE (3.*) 1**************************************************1 
WRITE O,:'c) I I 
WRITE O,)'c) I I 

RETURN 
END 

CCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCC 

C This subroutine is called only if the intermediate (i .e., the 
C ongoing) calculations are requested by the program user to be 
C scrolled on the terminal screen. 

SUBROUTINE REPORT (KV,TRNV,XOUT,W,NHL,NN,MODEI) 
REAL TRNV (33) , XOUT (7,33) ,W (6.33,33) 



INTEGER NN (7) 
CHARACTER MODE1*2 
WR I TE (6, 1'c) I I 
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WRITE (6,1,) II am trying to learn vector no. I ,KV, I which is: I 
CALL RESULT (TRNV,XOUT,NHL.NN,MODE1,0,0,0,0) 
DO L=l,NHL+l 

WRITE (6,1") IW ( Layer, Node on layer L+1 , Node on layer L) I 
WRITE (6,"') 'Weights between 1ayers ' ,L. ' and ' ,L+1,' are: 1 
DO J=l,NN(L)+l 

WRITE (6,1") 'Weight from node ' ,J, I of 1ayer' ,L, I on each' 
WRITE (6,1") 'of the ' ,NN(L+l),' node(s) of 1ayer ' ,L+1,' are :' 
DO l=l,NN(L+l) 

WR I TE (6, 1'c) W (L, I , J) 
END DO 

END DO 
END DO 

WRITE (6,*) 'The output of nodes in the output layer whi1e ' 
WRITE (6,1") '1earning vector no. I ,KV, I are: I 
DO 1=1 ,NN (NHL+2) 
WRITE (6,1") XOUT(NHL+2, I) 
END DO 

RETURN 
END 

CCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCC 

C This subroutine records the final weight values after all the 
C training trials (sweeps) are completed. The purpose of recording 
C these final weights is to use them as initial weight values should 
C the user so desire in a re-run of this program. 

SUBROUTINE FINALW (W,NHL,NN,MUF,ETAF,ACT,LRULE,NCON,EK, 
+ NTV,NSWEEP,PROB,ER,ISW,NL,NTR,BETA) 

REAL w(6,33,33) ,ETAF (]) ,MUF (7) ,ER,EK 
INTEGER NN(7) ,ACT 
CHARACTER WFILE*30,NCON*1,PROB*54 
WR I TE (6, ,.,) I Enter the name of the f i 1 e in wh i ch you want the 

+ final weight values to be recorded. I 
READ (5,10) WFllE 

10 FORMAT (A30) 
OPEN (lo, F I LE=WF I LE, STATUS= I UNKNOWN I) 
CALL IDENTIFY (NHL,NN,MUF,ETAF,ACT,LRULE,NCON,EK,NTV, 

+ NSWEEP,10,PROB,ER,ISW,NL,NTR,BETA) 
WR I TE (10, 1 2) . 
WRITE (10,*) 1*************************************************1 
DO L=1,NHL+1 

WR I TE (10, 15) 
WR I TE (10, 17) L, L + 1 
DO l=l,NN(L+l) 

WRITE (10,20) I,L+1,NN(L)+1,L 



I 

DO J=l ,NN (L)+l 
WR I TE ( 1 0 , )',) W (L , I , J) 

END DO 
END DO 

END DO 
12 FORMAT (1/11,IX,'* This is the final weight values after the 

+ final training is done. ' ,III) 
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15 FORMAT (1/1,1* W ( Layer, Node on layer L+l, Node on layer L ) I) 
17 FORMAT (/,IX,')" Weights between layers ' ,12,' and ' ,12,' are:',/) 
20 FORMAT (I, IX,'Weights between node ' , 13,- of layer ' ,12,' and 

+ each of the ' ,13,' node(s) of layer ' ,12,' are: ' ) WRITE (10,)") I I 

WRITE (10,*) 1*************************************************1 
WR I TE (10, )") I I 

WR I TE (10, ,.,) I I 

RETURN 
END 

CCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCC 

C This subroutine does two things depending on where it is cal led. 
C from. If it is called from subroutine REPORT which is inside the 
C training loop (i.e., in the DO l=l,NTV loop) it scrolls the ongoing 
C calculations on the terminal screen. If it is called from test-
C taking section, it records the exam results in an output file cal led 
C RESULT.DAT. 

SUBROUTINE RESULT (TRNV,XOUT,NHL,NN,MODE,FLAG1,FLAG2,IR, IE) 
REAL TRNV (33) , XOUT (] ,33) 
! NTEGER NN (7) , FLAG 1, F LAG2 
CHARACTER MODE*2 . 
I F (MODE. EQ. I T I • OR. MODE. EQ. I TE I • OR. MODE. EQ. I t I • OR. MODE. EQ. I te I) 

+ !ND=1 
IF (MODE.EQ.'F'.OR.MODE.EQ.'F! I .OR,MODE.EQ.'f'.OR.MODE.EQ.'fi I) 

+ IND=2 
IF (MODE.EQ.'TF'.OR.MOOE.EQ.'tf ' ) INO=3 
IF (IND.EQ.2.0R.IND.EQ.3) THEN 

WRITE (3,)") I I 

IF (IE.NE.l.ANO.IR.NE.O) THEN 

+ of it. I 

WRITE (3,)',) 'The following is an oral exam given by the ' 
WRITE (3,"c) luser at the terminal followed by my solution 

IR=O 
END IF 
IF (IE.EQ.1.AND.IR.NE.O) THEN 

WRITE (3,)'c) 'The following is an exam from an EXAM.OAT 
+ file followed by the NN solution. ' 

WRITE (3,14) 
WR I TE (3, 15) 
IR=O 

END IF 
END IF 
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14 FORMAT (//, 19X,' INPUT VECTOR ' ,6x,'DESIRED SOLUTION ' ,6x, 
+ INN SOLUTION ' ) 

IS FORMAT(18x, 1-------------1 ,6x, 1----------------1 ,SX, + 1 ______________ 1,/) 

C IND=l= Print the results at the terminal screen only. 
C IND=2= Print the results in an output file only. 
C IND=3= Print the results at the terminal screen and in an output 
C f i Ie. 

C FLAG1=O= Subroutine RESULT is cal led from subroutine REPORT to 
C report the ongoing calculations. 
C FLAGI=l= Subroutine RESULT is cal led from a test-taking section. 

C FLAG2=0= The desired output of an exam is unknown. 
C FLAG2=1= The desired output of an exam is known and given. 

IF (NN(l).GE.NN(NHL+2) THEN 
DO 1=I,NN(1) 

IF (I.LLNN(NHL+2» THEN 
IF (IND.EQ.]) THEN 

IF (FLAGl.EQ.O) WRITE (6,so) TRNV(I) ,TRNV(NN(1)+I+l) 
IF (FLAG1.EQ.1) THEN 

IF (FLAG2.EQ.1) WRITE (6,s]) 
+ TRNV(I) ,TRNV(NN (1)+1+1) ,XOUT(NHL+2, I) 

IF (FLAG2.EQ.0) WRITE (6,S9) TRNV(I) ,XOUT(NHL+2,1) 
END IF 

END IF 
IF (IND.EQ.2) THEN 

IF (FLAG2.EQ.I) THEN 
WRITE O,S1) TRNV(I) ,TRNV(NN (1)+1+1) ,XOUT(NHL+2, I) 

END IF 
IF (FLAG2.EQ.O) WRITE (3,59) TRNV(I) ,XOUT(NHL+2,1) 

END IF' 
IF (IND.EQ.3) THEN 

IF (FLAG2.EQ.1) THEN 
WRrTE (6,SI) TRNV(I) ,TRNV(NN (1)+1+1) ,XOUT(NHL+2, I) 
WR I TE (3,51) TRNV (I) , TRNV (NN (I) +1+1) , XOUT(NHL+2, I) 

END IF 
IF (FLAG2. EQ.O) THEN 

WRITE (6,59) TRNV(I) ,XOUT (NHL+2,1) 
WRITE 0,59) TRNV(I) ,XOUT(NHL+2, I) 

END IF 
END IF 

ELSE 
IF (IND.EQ.1) WRITE (6,55) TRNV(I) 
IF (IND.EQ.2) WRITE (3,S5) TRNV(I) 
IF (IND.EQ.3) THEN 

WR I TE (6,55) TRNV (I) 
WR I TE 0,55) TRNV (I) 

END IF 
END IF 



END DO 
ELSE 
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DO 1=1,NN(NHL+2) 
IF (I.LE.NN(l» THEN 

IF (IND.EQ.l) THEN 
IF (FLAG1.EQ.0) WRITE (6,50) TRNV(I) ,TRNV(NN(l)+I+]) 
IF (FLAG1.EQ.l) THEN 

IF (FLAG2.EQ.l) WRITE (6,5]) 
+ TRNV(I) ,TRNV(NN (1)+1+]) ,XOUT(NHL+2, I) 

IF (FLAG2.EQ.0) WRITE(6,59) TRNV(I),XOUT(NHL+2,1) 
END IF 

END iF 
IF (IND.EQ.2) THEN 

IF (FLAG2.EQ.l) WRITE (3,51) 
+ TRNV (I) , TRNV (NN (1) +1+]) , XOUT (NHL+2, I) 

IF (FLAG2.EQ.O) WRITE (3,59) TRNV(I) ,XOUT(NHL+2, I) 
END IF 
IF (IND.EQ.3) THEN 

IF (FLAG2. EQ.]) THEN 
WR I TE (6,5]) TRNV (I) , TRNV (NN (]) +1+]) , XOUT (NHL+2, I) 
WR I TE (3,5]) TRNV (I) , TRNV (NN (]) + I + 1) , XOUT (NHL +2, I) 

END IF 
IF (FLAii2.EQ.0) THEN 

WRITE (6,59) TRNV(I) ,XOUT(NHL+2,1) 
WRITE (3,59) TRNV(I) ,XOUT(NHL+2.1) 

END IF 
END IF 

ELSE 
IF (IND.EQ.]) THEN ! Print at terminal only 

IF (FLAGl.EQ.G; WRITE (6,57> TRNV(I+NN(])+l) 
IF (FLAG1.EQ.l) THEN 

IF (FLAG2.EQ.1) WRITE (6,58) 
+ TRNV(I+NN (1)+1) ,XOUT(NHL+2, I) 

IF (FLAG2.EQ.O) WRITE (6,6]) XOUT(NHL+2,1) 
END IF 

END IF 
IF (IND.EQ.2) THEN ! Print in an output file 

IF (FLAG2. EQ. 1) WR I TE (3,58) 
+ TRNV(I+NN(1)+l) ,XOUT(NHL+2, I) 

IF (FLAG2.EQ.O) WRITE (3,61) XOUT(NHL+2,1) 
END IF 
IF (IND.EQ.3) THEN! Print at terminal & in output file 

IF (FLAG2.EQ.]) THEN 
WRITE (6,58) TRNV(I+NN(])+]) ,XOUT(NHL+2, I) 
WRITE (3,58) TRNV(I+NN (1)+]) ,XOUT (NHL+2, I) 

END IF 
IF (FLAG2.EQ.O) THEN 

WRITE (6,6]) XOUT(NHL+2,1) 
WRITE (3,6]) XOUT(NHL+2,1) 

END IF 
END IF 

END IF 

I 



END DO 
END IF 

50 FORMAT ( I 3X , 2 (5X, E I 3 • 6) ) 
51 FORMAT (lIX,3(7X,E13.6» 
55 FORMAT (18X, E 13 .6) 
57 FORMAT (35X,EI3.6) 
58 FORMAT 03X,EI3.6,15X,E13.6) 
59 FORMAT (18x,EI3.6,38x,EI3.6) 
61 FORMAT (52X,EI3.6) 

RETURN 
END 
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ccccccccccccccccccccccccccccccccccccccccccccccccccccccCCCCCCCCCCCCCCCCCC 

C ihis subroutine gives the user the chance to input a t~st vector at 
C the terminal to test the network to see if it truly learned. 

SUBROUTINE TESTVEC (TES,NHL,NN,FLAG2) 
REAL TES (33) 
INTEGER NN(7) ,FLAG2 
CHARACTER ANSl'c3 
WRITE (6,)'c) IAre you also giving me the desired output (i.e.,1 
WRITE (6,l'c) I the correct solution)? (YES/NO) I 
READ (5,10) ANS 

10 FORMAT (AI) 
I~ (ANS.EQ.IYI.OR.ANS.EQ.lyl) FLAG2=1 
IF (ANS.EQ,INI.OR.ANS.EQ.lnl) FLAG2=0 
IF (ANS.EQ.IYI.OR.ANS.EQ.lyl) GOTO 20 
WRITE (6,"c) IGive me the l ,NN-(1),1 value(s) of the input node(s) I 
WRITE (6,)'c) land I will give you the l ,NN(NHL+2),ltrue solution(s)I 
WR I TE (6, l'c) lof the output 1 ayer • I 
READ (5,)'c) (TES (I) ,1=l,NN (I» 
GOTO 30 

20 WRITE (6,"c) IGive thel,NN(I),1 value(s) of the input nOde(s)I 
WRITE (6,tc) land the l ,NN(NHL+2),1 desired output of the output 

+ 1 ayer. I 
READ (5,)'c) (TES(I),I=l,NN(1)+NN(NHl+2» 
DO J=NN (1) +l,NN (1) +NN (NHL+2) 

TES (J+l) =TES (J) 
END DO 

30 TES (NN (l)+l) =1.0 
RETURN 
END 

CCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCC 

C This subroutine identifies the problem that was learned by the 
C network. It also gives the particular neural network paradigm 
C used to solve the problem. 

SUBROUTINE IDENTIFY (NHL,NN,MUF,ETAF,ACT,LRULE,NCON,EK,NTV, 
+ NSWEEP, NF , PROB, ER, I SW, NL, NTR, BETA) 



REAL ETAF (7) ,MUF (7) ,EK,ER 
INTEGER ACT,NN(7) 
CHARACTER NCON*1,PROB*S4 
WR I TE (NF, lS) PROB 
WRITE (NF,20) 
WR I TE (NF, 2S) NHL 
WRITE (NF ,30) NN (1) 
DO l=l,NHL 

WR I TE (N F ,3S) I, NN ( 1+1) 
END DO 
WRITE (NF,40) NN(NHL+2) 
DO 1=2,NHL+1 

WRITE (NF,4S) 1-1,ETAF(I) 
END DO 
WRITE (NF,47) ETAF(NHL+2) 
DO 1=2,NHL+1 

WR I TE (NF, SO) 1-1, MUF (I) 
END DO 
WRITE (NF,52) MUF(NHL+2) 
IF (LRULE.EQ.l) WRITE (NF ,55) 
IF (LRULE. EQ.2) THEN 

WRITE (NF,60) 
WRITE (NF,65) EK 

END IF 
IF (NCON.EQ.'F'.OR.NCON.EQ.'f') WRITE (NF,70) 
IF (NCON.EQ.'P'.OR.NCON.EQ.'p') WRITE (NF,75) 
WRITE (NF,76) 
IF (NL.EQ.l) WRITE (NF,n) 
IF (NL.EQ.2) WRITE (Nr,78) 
IF (ACT.EQ.l) WRITE (NF,80) 
IF (ACT.EQ.2) WRITE (NF,8S) 
IF (ACT.EQ.3) WRITE (NF,90) 
IF (ACT.EQ.h) WRITE (NF,92) 
WRITE (NF,95) BETA 
WRITE (NF,100) NTV 
WRITE (NF,105) NSWEEP 
IF (NTR.EQ.l) WRITE (NF,107) 
IF (NTR.EQ.2) WRITE (NF, 108) 
WRITE (NF, 110) ER 
WRITE (NF,120) ISW 
WRITE (NF ,999) 

15 FORMAT (II,' THE PROBLEM IS: ',2X,A./) 
20 FORMAT (I,' NETWORK SPECIFICATIONS:' ,I) 
25 FORMAT (SX, 'No. of Hidden Layers = NHL =',12) 
30 FORMAT (5X,'No. of nodes in Input Layer =',12) 
35 FORMAT (Sr., 'No. of nodes in Hidden Layer',12. lX, '=', 13) 
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40 FORMAT (5X,'No. of nodes in Output Layer =',12) 
45 FORMAT (5X, 'The starting learning rate (ETA) for Hidden Layer'. 

+ 12,lX,'=',E11.4) 
47 FORMAT (5X,'The starting learning rate (ETA) for Output Layer =' 

+ , E 11.4) 
SO FORMAT (5X,'The starting Momentum Constant (MU) for Hidden 
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65 
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77 
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85 
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95 
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105 
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110 
120 
999 

+ Layer',12,lX,'=',E11.4) 
FORMAT (SX, 'The starting Momentum Constant (MU) for Output 

+ Layer =',E11.4) 
FORMAT (5X, 'Learning rule used is General ized Delta 

+ Rule with momentum.') 
FORMAT (5X,'Learning rule used is Fast Backpropagation 

+ (by Tariq Samad) ') 
FORMAT (15X,'Samad Error Constant =',F8.5) 
FORMAT (5X, 'A fully-connected network is used.') 
FORMAT (5X,'A partially-connected network is used.',/,5X, 

+ 'Weight = 0.0 means a disconnection') 
FORMAT (5X,'Nonl inear hidden nodes are used.') 
FORMAT (5X,'Linear output node is used.') 
FORMAT (5X, 'Nonl inear output node is used.') 
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FORMAT (5X, 'Activation function = Sigmoid function (-I<Y<1) ') 
FORMAT (5X, 'Activation function = Hyperbolic Tangent function') 
FORMAT (5X, 'Activation function = Sine function') 
FORMAT (5X, 'Activation function = Sigmoid function (O<Y<J) ') 
FORMAT (5X, 'BETA used in the activation function =',F6.3) 
FORMAT (5X, 'No. of training vectors = NTV =', lX,14) 
FORMAT (5X, 'No. of sweeps =' ,IX,14) 
FORMAT (5X, 'Batch training is performed.') 
FORMAT (5X,'Single-Pattern training is performed.') 
FORMAT {5X, 'Minimum output error =',E13.6) 
FORMAT (8X, 'which came from sweep no.' ,15,' • ') 
FORMAT (/,' <><><><><><><><><><><><><><><><><><><><><><><><><><> 

+<><><><><><><><>',//) 
RETURN 
END 

CCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCC 

C This subroutine provides the user with on-l ine help with definitions 
C of some of the terms used in this program. 

SUBROUTINE HELPME (10) 
I F ( I D . E Q. I) TH E N 

WRITE (6,l'c) 'In Manual Training the user can choose (at the' 
WR I TE (6, "c) 'term ina 1) how many sweep (s), N, he/she wants' 
WRITE (6,,'c) 'to use to train the network. In addition,' 
WRITE (6,"c) 'after the N sweeps are done, the user wi 11 be' 
WRITE (6,*) 'asked if he/she wants to train the network by' 
WRITE (6,*) 'any more sweeps. Therefore, the user can train' 
WR I TE (6, t,) 'the net'>Jork for as many sweeps as he/she' 
WRITE (6,,'c) 'desires or until he/sh.:.: gets his/her desired' 
WRITE (6,"') 'output error size.' 
WR ITE (6, "c) I , 

WRln (6,"c) 'In Automatic Training, the user gives his/her' 
WR I TE (6, "c) 'des i red to I erance on the output error and the' 
WRITE (6,"') 'maximum allowable no. of sweeps to the program' 
WRITE (6,"c) 'and the program automatically does as many' 
WR I TE (6, "c) 'sweeps as necessary (upto 50000 set by the' 
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END IF 
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(6,)'c) Iprogram itself) to try to attain the desired ' 
(6, l'C) I to 1 erance on th output er ror. Add it i ona 11 y, I 
(6,)'c) lin this type of training, after the desired ' 
(6,)'c) 'tolerance has been attained, the program wi 111 
(6,)':) 'then ask the user if a new (lower) tolerance ' 
(6, )'c) I and max i mum sweeps are des i red by the user. I f I 
(6, )'c) I so, the user gives these new va I ues and the I 
(6,)'c) Iprogram wi 11 automatically continue to train ' 
(6."c) I itself to try to come up with this new l 

(6,*) 'tolerance. Using this method then, the user can l 
(6, )'c) I tra i n the network to his/her des i red accuracy. I 
(6, )'c) I I 

(6, ic) I NOTE 
(6, "c) I 

(6,;'t) I 

(6, )'c) I I 

To start a training in any problem, the ' 
Manual Training with smaller sweeps no. 1 

at a time is recommended. I 

I F ( I D • E Q • 2) TH E N 
WRITE (6,*) 'There are two ways to perform appropriate weight ' 
WRITE (6,*) 'adjustments during backward pass. The On-Line or l 
WRITE (6,*) 'Single-Pattern training involves propagating' 
WR I TE (6,"') I back the I cca I er ror of each node and adj us t i ng I 
WRITE (6,"') 'weights after each training pattern (, i.e., I 
WRITE (6,"') leach training vector) is presented to the ' 
WRITE (6,*) 'network. ' 
WR I TE (6, "e) I I 

WRITE (6,,'c) lin Batch or Epoch training, the DWji b~tween' 
WRITE (6,*) leach two nodes i & j is calculated after each' 
WRITE (6,*) Ipattern but the weight Wji is not updated at l 
WRITE (6,,'c) 'this point. Instead, all the DWji between node ' 
WRITE (6,*) Ii & j for the entire training set (,i.e., DWji ' 
WRITE (6,"c) I from pattern 1 to the· last pattern of the ' 
WRITE (6,,'c) 'training set,) are added. This cumulative sum l 
WRITE (6,,'c) lis then used to update the weight Wji. ' 
WR ITE (6, ,'c) I I 

END IF 

I F ( I D • E Q. 3) TH E N 
WR I TE (6,,.c) I A BACKPROPAGAT ION network is either fu 11 y_ I 
WRITE (6,*) 'connected or partially-connected. A fully-I 
WR I TE (6, )'c) I connected network is one in wh i ch a 11 nodes I 
WRITE (6,*) 'of adjacent layers are connected in forward ' 
WR I TE (6,,.c) I direct i on (except for the bias r 1es wh i ch are I 
WRITE (6,*) 'only connected to the non-bias nodes).' 
WRITE (6,)'c) 'A partially-connected network is one in which ' 
WRITE (6,*) 'the connections of some of the nodes of ' 
WR I TE (6, )'c) I adj acent I ayers are disconnected or broken. I 
WR I TE (6,)'c) I I 

END IF 
RETURN 
END 
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