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1. OVERVIEW

1. Summary

This report describes the design and analysis phase of a program
directed toward the specification and demonstration of adaptive decision
aiding in airborne anti-submarine warfare (ASW). The approach is based
on the application of Perceptronics' decision aiding methodology, developed
under previbus ONR/ARPA support, to the decision needs of ASW operations

including target detection, localization, and tracking. Overall program
objectives are as follows:

(1) To improve effectiveness of sensor deployment and sensor
data in airborne ASW operations;

(2) To contribute to the design of updated and future airborne

ASW systems by developing human factors guides for decision
aids;

(3) To develop decision aiding prototype simulation demonstrations;
(4) To provide a structure for assessing system performance.

The current program focuses on the design for a functional
demonstration of adaptive decision aiding methodology as it applies to the
decision tasks of the crew of the Navy P-3C ASW aircraft. The purpose of
the functional demonstration is to show the potential of decision aiding
in current military operational systems. The ASW environment was chosen
as a vehicle for demonstration because of the highly critical and time-
stressed nature of decision-making tasks surrounding tactical operations.
It is in these areas, in which crucial decision-making has a major

impact, that adaptive decision aiding methodology can be the most
effective.
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The specific program objectives are:

(1) To analyze and define the ASW operational environment and
to define the decision situation in terms of decision types,
information needs, and operational constraints.

(2) To define the range of applicability of decision aiding
functions in ASW tasks and to specify the system constraints
affecting the feasible utilization of these aids.

(3) To study and experimentally evaluate the effectiveness of
the decision aids in simulated ASW operational environments
and to develop human factors criteria for implementation.

(4) To provide guidelines for system integration of ASW/decision

aids in realistic operational decision environments and to
move toward operational testing and application.

}.2 Approach

1.2.1 The Airborne ASW Problem. Tactical ASW consists of five major

functions: intelligence, detection, localization, tracking, and
destruction. Intelligence serves to identify the capabilities of classes
of submarines and to locate them within a particular ocean basin

S ——————

Intelligence capabilities include information about the number of submarines

in each class, the number and range of missiles (cruise or ballistic),
number and type of torpedos, speed and endurance, noise level, and sonar
and radar capabilities. Tactical intelligence includes information
about the number of submarines out of port, the number in each ocean
basin, operating tactics, special vulnerabilities, etc.

1-2




In the detection phase of ASW, an expanse of ocean is searched

to see if anything is there. The objective of detection is to make initial
contact with hostile submarines. A wide range of sensors are used to
perform this function, including the following: radar and ECM; radio-

: frequency direction finders; visual sighting systems; magnetic anomaly

i detectors; passive acoustic methods such as fixed hydrophone arrays,
sonobuoy fields,.and surface vessel or submarine mounted passive sonar;
and active acoustic methods such as active sonar mounted on surface
vessels, submarines, helicopters, and ocean floor sensors.

In the localization phase, an object is assumed to have been
detected and the objective is to pinpoint its location and identify what
it is. The sensors available for this phase are the same as those used

for detection, but because the search is much more directed, the patterns
of usage will differ.

g e

The tracking and destruction functions are optional. In peace-
time, it is highly likely that a submarine will be continuously tracked
. once it has been located and identified. In war-time, however, it is
far more likely that an attempt will be made to destroy the submarine.

The P-3 aircraft is a flying platform which ‘performs specific ASW
tasks and inlcudes all of the major tactical ASW functions except
| intelligence. The major function of the P-3 system is to establish ASW
i sonobuoy patterns and to analyze and evaluate the received data. The
command and control section of the P-3 system is composed of two main crew
positions types: (1) a Tactical Coordination Officer (TACCO), and
i (2) sensor operators. The crew members control the allocation of sensor

AR

resources, the data processing functions that are being performed on the
sensor data, and the data display equipment.

v
PR
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The crew functions are divided as follows. The TACCO allocates
sensor resources, makes sensor resource decisions, and acts as the group
commander. The sensor operators control the data processing functions,
control the display functions that are being performed on the data, evaluate
the sensor responses, and make decisions regarding the significance of the
data.

The decision tasks that are associated with the P-3 crew can be
categorized into three types: (1) deployment of sensors, (2) data
processing, and (3) sensor data evaluation. Sensor deployments involve
the allocation of sensor resources (such as sonobuoys) to the specific
environment in which the detection, localization, or other ASW tasks that
depend on the sensor data, are being performed. Deployment decisions by

the TACCO are based on the data obtained from previous sensor data evaluations,

as well as on sensor allocation procedures, sensor availability, and
considerations regarding the achievement of optimal sensor response.

A typical P-3 scenario would invoive the search of a designated
area where intelligence data indicates that a target exists. The mission is
structured according to a set of general procecures that govern the modes
of sensor allocation pattern, sensor types, and the sequence by which various
sensors are allocated as information is acquired. In general, the operation
begins with the allocation of inexpensive multi-directional sensors that
detect the existence of the target within a certain area. Once the
existence of the target is established, higher-capability, higher-cost
sensors are used. The decision problem of sensor allocation becomes critical
as the sensor resources are depleted, along with fuel supply and mission
time. At this stage, careful decisions must be made as each aircraft
maneuver is executed. This type of situation is ideal for application of
adaptive decision aiding methodology for the following reasons: (1) the
decisions are sequential and repetitive in nature, (2) tradeoffs must be
made between the cost and the benefit of available resources, (3) a high
proficiency level must be maintained over a long period of time, and
(4) the decision environment is highly time-stressed.

1-4
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1.2.2 The ADDAM System Concept. ADDAM consists of an adaptive decision

model which continuously observes both the decision enviornment and the
decision maker's (DM's) behavior, learns his decision policy, and makes
choice suggestions based on the apparent value of the alternatives to the
decision maker.

The adaptiveness of the ADDAM system is realized through the use
of a trainable multi-category pattern classifier. As the DM performs the
decision task, this on-line estimator observes the operator's choices
among the various decision options. The estimator, using event probabilities
as inputs, attempts to classify these probability patterns by adjusting
utility weights according to an adaptive error correcting algorithm. In
this manner, the utility estimator tracks the operator's decision making
preferences and Tearns his utilities. Such an approach has a number of
advantages compared to off-line utility estimation. Dynamic estimation
observes and models actual behavior rather than responses to hypothetical
decisions. It does not interrupt or intrude on the process of decision
making; it responds to ongoing changes in task characteristics and
operator needs.

ADDAM 1is used to augment operator performance in two types of
related decisions. First, the operator decides on a means of information
acquisition. Second, on the basis of information received, he selects
an appropriate action alternative. The action decision introduces dynamic
properties, because it impacts future information acquisitions. The
ADDAM system aids in the information acquisition phase by inferring the
operator's utility structure, combining these utilities with estimates
of information availability, and recommending the information source with
the highest expected utility. Complementary aiding in the action selection
phase is given by a probability updating program. Revision of probabilities
following information acquisition is computed using a Bayesian approach.

1-5
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1.3 Summary of Tasks Performed

The following tasks have been completed and are described in detail
in this report:

(1) A detailed analysis was conducted of the ASW environment
and the existing critical decision situations. Specifically,
the analysis concentrated on the decision tasks of the
Tactical Coordination Officer (TACCO) aboard the P-3 ASW
aircraft.

(2) The algorithm for decision aiding in the P-3 environment was
developed and is specifically tailored to the decision
requirements of the TACCO as he performs his tactical operations.

(3) A preliminary implementation plan has been developed which will
lead to the implementation of the decision aiding algorithm
as a functional demonstration at the Naval Air Development
Center, Warminster, Pa.

1.4 Report Organization

Chapter 1 has presented an overview of the problems and approach
for incorporating adaptive decision aiding methodology into the ASW
decision environment. Chapter 2 reviews the ADDAM methodology in greater
detail. The decision environment surrounding P-3 operations is described
in Chapter 3. Chapter 4 presents the detailed design for the adaptive
decision aiding algorithm. Finally, Chapter 5 briefly explains the
preliminary implementation plan for the functional demonstration of the
decision aids at the Naval Air Development Center (NADC), Warminster, PA.

1-6




2. ADAPTIVE AIDING METHODOLOGY

2.1 ADDAM System Overview

Adaptive or goal directed techniques are employed extensively in the
ADDAM decision support system. The adaptive methods involve the on-line
acquisition of operator decision strategies by computer observation of his
behavior. This dynamic modeling is capable of in-task observation of
operator decisions made in response to real world probabiiity data. The
decision maker's value structure is then computationally inferred through
a pattern recognition algorithm, and used as an input to a decision
recommendation program. The resulting behavioral model and aid have the
advantages of (1) functioning operationally in actual tactical circumstances,
(2) adapting to changing task requirements and operator capabilities, and
(3) requiring minimal programming complexity. These techniques use pattern
recognition or learning algorithms to estimate behavioral parameters. The
ensuing models are then used to train, replace, or evaluate the operator.
The current work extends this field of work by placing the operator in a
real-time interaction with his model. The system both descriptively
models and proscriptively aids the operator.

Because the decision model is adaptive, model based decision aiding
establishes a complex synergistic relationship between the operator and
ADDAM. The system adapts to the human operator's pattern of behavior and,
in turn, provides decision aiding which may cause the human to modify his
behavior. In a sense, the decision maker is provided with a tool that
refines his behavior. Rather than confronting each decision anew, and
depending on often fallible processes of recall, recognition, problem
structuring, and evaluation, the operator uses logically derived
recommendations to guide and condition his responses.

2-1




2.2 ADDAM Theoretical Structure

The ADDAM Decision Support System is composed of a combination of
three complementary elements -- a set of probability aggregation programs,
a dynamic model for tracking operator values for outcomes, and a strategy
recommendation algorithm. Each of these aiding subsystems has a major role
in augmenting the human functions of problem formulation, analysis,
resolution and evaluation.

2.2.1 Probability Aggregation. The first mode of aiding, probability
aggregation, is possibly the most established and procedurally defined

area of support. This type of aiding is typically based on Bayes' rule,

a mathematically appropriate way to revise probability estimates with new
information (Edwards, 1962; Johnson and Halpin, 1972; Beach 1975). The
technique combines prior probabilities and conditional probability estimates

to arrive at posterior probabilities. Bayesian aggregation is used by the
ADDAM system to update environmental status and sensor data when new
information is received.

2.2.2 Utility Estimation. More difficult are the considerations of perceived
gains associated with the decision outcomes. Occasionally, objective values

in terms of dollars, ship-equivalents, or other external criteria can be
used as criteria for choice. The situation must be exhaustively quantified
to justify this type of calculation. For instance, a strategy for action
selection based on such objective criteria such as speed, accuracy, or
expected value may be relatively easy to derive when system objectives,
behavior, and environmental conditions are completely specified. Given the
immediate probabilities of obtaining the possible outcomes and given the
costs of the consequences, the decision choice with the highest expected
value can be selected. Objective performance criteria for the immediate
task in most man/machine sytems, however, are not well defined, or are

only indirectly related to long term system goals. This indeterminacy is

2-2
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particularly evident in systems operating in dynamic environments, where

the results of earlier decisions affect later decisions. Such systems may
rely heavily on the operator's subjective evaluation of the situation at
hand, and the decisions should be based on measurable subjective perferences
(utilities) of the operator.

Numerous techniques are available for assessment of the operator's
utilities, ranging from ad hoc procedures to completely axiomatic analysis.
The simplest techniques entail eliciting direct expressions of perference
along qualitative or quantitative scales. Fishburn (1967) lists more than
a dozen such direct methods. Other techniques of utility assessment include
the decomposition of complex decisions into hypothetical lotteries, and the
use of multivariate methods to analyze large numbers of binary preference
expressions to determine underlying factors (Kneppreth, Gustafson, Johnson, ;
and Leifer, 1974).

A major practical limitation to the application of decision theory |
is the complexity of utility assessment techniques. Most applications
require a two-step process. The first step is to assess the decision maker's
(DM) utilities, and the second is to apply them to the decision problem.

Because it is not feasible to reassess utilities frequently in repetitive
tasks, it is assumed that they remain static during this application. Such
an assumption might be valid for a "one-shot" decision. However, there is

no reason to assume that the DM's utilities remain static during the
performance of multi-stage decision tasks. Nor is it reasonable to assume
that they remain the same when the context changes from that of a laboratory
context to the real world task

The technique developed in ADDAM for dynamic utility estimation
circumvents many of these problems. Dynamic estimation uses the principle
of a trainable multi-category pattern classifier to "learn" the operator's
utilities for the outcomes of information acquisition decisions (Freedy,
Weisbrod, and Weltman, 1973)  Such an application of pattern classification

2-3
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techniques was first suggested by Slagle (1971), who pointed out that the
utility function was an evaluation function which could be learned from a
person's preferences. The adaptive technique assumes an expected utility
maximization paradigm for modeling decision behavior, and uses a pattern
recognition algorithm to successively adjust the model to fit observed
decision behavior. The underlying expected utility (EU) model assumes

that the operator chooses that action whose expected (probability weighted)
utility of outcome, is highest (Krantz, Luce, Suppes and Tversky, 1971).

The advantages of the dynamic observation technique are as follows:
(1) utilities are estimated non-verbally, without the need for a skilled
analyst highly trained in utility estimation techniques. In fact, the
decision maker need not be aware that his utilities are being assessed.
Utilities can be estimated rapidly and the technique is not limited by
the number of possible decision outcomes, (2) The utilities are
measured on a common scale and are combinatory, (3) The utility
assessment technique responds to changes in values and the utilities are
automatically validated by direct comparison with the decision maker's
real-world behavior.

2.2.3 Strategy Recommendation. The third element of the ADDAM system,
the strategy recommendation program, follows naturally from the probability

and utility estimators. With these parameters defined it is a simple
matter to recommend individually optimal decisions. The choice with the
greatest expected utility is determined and displayed to the operator.

The recommendations given are thus based on the operator's own apparent
values, and are organized into a normative framework. A certain generality
is present in the normative processing, since the recommendations are not
restricted to the identical circumstances of the observations used for
training. Recurrent observations of the operator actions and circumstances
are necessary for estimation of parameters, but these determinations
generalize to other circumstances of the same structure.

2-4
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2.3 Aiding Dynamics

The strategy recommendation algorithm closes a man-computer decision
cycle or loop of considerable flexibility and dynamics. The extent of
the aiding can be observed by examining the major decision processes of
information acquisition and action selection. These processes are diagrammed
in Figures 2-1 and 2-2, without aiding. In the information acquisition
task, Figure 2-1, the operator receives feedback of the data requested and
of the costs of data acquisition. To achieve long term success, he must
ascertain what type of behavior led to maximum performance, a difficult
task with probabilistically unreliable information sources He must then
use the data obtained to select timely actions (Figure 2-2) and to
evaluate his performance using sporadic or noisy performance feedback
This cycle repeats itself as information is converted intc action
throughout tactical decision making, and because of the dynamic nature of
these cycles, errors tend to compound.

2.3.1 Aiding in Information Acquisition. The ADDAM system aids the operator
in the information acquisition process by introducing several additional
loops. Figure 2-3 shows the augmented structure of information acquisition
process, demonstrating both feedforward and feedback loops. The feedforward

part is a predictor display. It uses a model of the state transition
probabilities to arrive at revised probability estimates of the state of
the envircnment. These probabilities are both displayed to the person and
used as inputs to the utility estimation program.

The EU model, comprising the lower feedback loop in Figure 2-3, is
the heart of the ADDAM system. The model uses the predicted probabilities
of states as inputs, and attempts to match operator behavior by adjusting
weights decision-by-decision. These recommendations are not merely the
result of calling up previously observed responses. The values are condensed
from a variety of observed behaviors and in the recommendations are applied
to decision circumstances that may be new to the decision maker.
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2.3.2 Aiding in Action Selection. The second major decision process

considered in ADDAM, action selection, is similarly amenable to dynamic
aiding. Here, however, the aiding is entirely of the feedforward type, as
shown in Figure 2-4. Probability aggregation and normative strategy
recommendations are again made, but in different ways than in the information
acquisition decision. Rather than updating probabilities of outcomes
according to transition relations, the prior opinions are Bayesian updated
according to the information received. This is a well established and
completely deterministic calculation (Rapaport and Wallsten, 1972). It is
also assumed that the outcomes of the actions are associated with set
objective costs. The revised opinion can then be weighted by the
objectivity defined costs for the outcomes and a maximum expected value
choice recommended. This is a preprogrammed calculation, and does not
require estimation of utilities or use of adaptive processes. If the
outcomes could not be objectively quantified, a dynamic utility assessment
and EU based recommendation algorithm of the type described earlier could
be used.

2-9
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3. THE P-3C ASW ENVIRONMENT
3.1 Overview

This section describes the decision environment around which the
aiding model is designed. The analysis is the result of an in-depth
study of current ASW operations. A typical peacetime anti-submarine
warfare (ASW) mission consists of detecting and tracking an enemy
submarine for as long as possible using a specially designed aircraft
called a P-3C. The aircraft is equipped with different types of acoustic
sonobuoy sensors and a computer system capable of processing tracking
information.

The individual responsible for the major decisions aboard the
aircraft is the Tactical Coordination Officer (TACCO). He must make
decisions concerning (1) the course of the aircraft, (2) the pattern
and type of sensors to be dropped, and (3) the probable location of the
submarine, etc. These decisions are part of the overall tasks of
integration and evaluation of sensor information, management of sensor
deployment, and (in wartime) management of weapon deployment.

3.2 The P-3C Aircraft

The Lockheed P-3C ASW aircraft (see Figure 3-1) contains three
ASW sensor positions, a navigator position, and the TACCO station in
addition to the pilot and co-pilot. The acoustic sensor stations are
Sensor Station 1 (SS1) and Sensor Station 2 (SS2). These stations are
capable of listening either actively or passively for submarine sounds
(passive listening) or sonar echos (active listening) in the water.
They are linked via radio with the sonobuoys deployed. Sensor Station 3
(SS3) is the Magnetic Anomoly Detector (MAD) station and the radar
station.
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The P-3C acts as the sensor and weapon platform from which the
ASW mission is conducted. The aircraft carries a fixed number of
sonobuoys and (in wartime) ASW weapons. The TACCO is in charge of the
ASW search, detection, localization, and tracking (as well as attacking
if in wartime) of hostile submarines. The navigator provides mission
navigation information and acts as communications officer during the
mission. The SS1, SS2, and SS3 operators are enlisted men who operate
their respective sensor equipment.

3.3 The P-3C ASW Mission

A P-3C ASW mission consists of four phases: (1) search, (2)
classification, (3) localization, and (4) attack (if in wartime) or
tracking and gaining intelligence (if in peacetime). A mission begins
with an intelligence report indicating that a submarine is in some area
of the ocean. This initial area (and all subsequent areas in which the
submarine is thought to be) is called an "“area of probability". The
ASW mission objective is to reduce this initial area of probability --
which starts out very large -- until it is small enough to successfully
attack the submarine.

Each mission begins with a preflight planning session which
consists of the following planning information and decisions:

1. Target information Type of target (i.e., diesel, nuclear)
2. Detection range A function of the target and the water

conditions in the area of probability
3. Area to be searched Identifies the area of the ocean to

be searched (i.e., the initial area
of probability)

3-4
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4. Number of sonobuoys The aircraft has only a certain number
of sonobuoys and a certain number of
radio channels that can be used to
communicate with the sonobuoys.

5. Sonobuoy lifetime Each sonobuoy may have different depth
and depth settings and lifetime settings.
6. Types of sonobuoys Quantities of each type to be taken
on mission.

Once the preflight planning is completed, the P-3C departs for
the initial area of probability, and the ASW mission begins. The search
(and subsequent phases) are mostly acoustic. Visual and radar searches
are infrequently used and MAD is used only in the tracking stages. (In
the U.S. fleet, a training mission scenario is developed. U.S.
submarines move into an area of probability and behave 1ike enemy
submarines. In the training center, fleet mission exercises are
simulated by computer). During a mission, there are three types of
sonobuoys that can be used: (1) LOFAR which is a general passive,
non-directional sonobuoy and not very expensive to use, (2) DIFAR which
is passive and provides a bearing to a target but is about five times
as expensive to use as LOFAR buoys, and (3) active sonobuoys. During
a mission, the TACCO must decide how to place the sonobuoys and wh~*
type to use. He must consider how many of each type are on board, their
lifetimes, depth settings, and quantities of each. After takeoff,
most of the buoys cannot be changed. The settings decided upon in the
preflight planning session are fixed in all but a few of the sonobuoys.
Only these few can be changed in flight.

3-5




The size of the area of probability and the range at which a
submarine can be detected influences the types of sonobuoy used. The
range of detection is influenced by water conditions and target type.
This information is normally provided during preflight briefings. Once
in an area of probability, however, the ASW crew can drop a
bathothermobuoy to test the actual water conditions in the area. If
they differ from the preflight predictions, the crew must revise their
ideas to take into account how this new water condition information will
effect the detection range. During the mission at the two acoustic
sensor stations (SS1 and SS2) each operator (one at a station) monitors
a fixed number of sonobuoys. In the passive mode of operation, they
use the sonobuoys via the radio 1ink to the P-3C to "listen" for noises
of various frequencies in the water in the area of probability. The
frequency spectrum and any frequencies that are heard are printed out
on a LOFARGRAM and the operators scan the "grams" to see if there are
any frequencies that could be associated with a submarine. The
capabilities of the men operating the SS1 and SS2 stations are critical.
They must recognize sound patterns and decide if they have a contact or
not, and they must perform this vigilance task over a six-hour mission.
Recognizing a contact is further complicated when sensor feedback from
different sensors (sonobuoys) gives contradictory information. The
best of all worlds is, of course, when all sensor feedback provides
similar indications.

The mission really begins full force once an initial detection
and classification occurs. The TACCO must then decide what course of
action to take. What is the source of this sound? Must passive or
active sonobuoys be used? (0Often these questions are answered by fleet
policies.) How is the target to be classified? These are examples of
the types of questions that run through the TACCO's mind during the
mission.
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3.4 The TACCO Decision Task

Once the TACCO has dropped sonobuoys, some critical decisions
must be made. He must decide what the sensor feedback or lack of it
means. Conflicting feedback information can affect decisions. For
example, items that influence the noise factor in sensor feedback are
bottom bounce, conflicting bearings, loss of contact, (the submarine may
hide behind undersea mountains, etc.), errors in sonobuoy bearings, and
submarine course and speed changes. If a contact is lost in the passive
search phase, one option is to go active (if permitted by fleet policies).
In the localization and tracking phase, the critical factor is the time
to make a decision in addition to the "rightness" of the decision. An
incorrect or slow decision can cause a contact to be lost.

During an ASW mission, the utility of the various sensors may
change. For example, early in the search phase, LOFAR sonobuoys are
very valuable as sensors. Later in the localization or tracking phases,
LOFAR buoys are much less valuable and DIFAR buoys become the valued
sensors. This clearly indicated that values are dynamic during an
ASW mission, and suggests that adaptive decision aiding can be extremely
helpful. Static decision aids cannot account for value changes as they
occur, based on feedback patterns from the sensors in all the infinite
variations that are possible.

3.5 Computational Aids

A sophisticated computational and information display system is
available on the P-3C aircraft for the purpose of making the tasks of
the TACCO more effective. The heart of the system is the TACCO display
screen which summarizes sensor information and provides a visual
mechanism for making decisions. Figure 3-2 shows a schematic of the
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TACCO station with the display screen in the center. The screen
represents a designated area of the ocean around the current location
of the aircraft. Information received frcm deployed acoustic sensors
is initially entered into the computer system by the sensor operators
at their individual stations. This information appears on the TACCO
display screen as bearing lines emanating from previously indicated
sensor drop point locations. (See Figure 3-2) The TACCO must use the
various computational and display aids provided to plan the allocation
of new sensors so that contact with the submarine can be maintained as
long as possible.

The primary computational aid is the "tracking bug" which predicts
the most probable location of the submarine based on current information.
The tracking bug moves on the screen in real-time and, consequently, is
a continuously updated estimate. In order to produce the tracking bug,
sensor information must be selected and entered by the TACCO. This is
done by selecting promising intersections of bearing lines that appear
on the screen and marking them for data entry. The intersections are
called "fixes" and represent possible locations of the submarine based
on pairs of sensor contacts. However, because of errors, it is rarely
the case that all pairs of sensors will intersect at the same point.

Thus, it is up to the TACCO to choose those fixes that seem most reliable
and request a tracking bug based on this choice. Possible errors can
arise from (1) sensor failure, (2) bearing errors, (3) signal reflections,
and (4) operator errors, etc.

3.6 The P-3C Simulator Update System

The P-3C training simulator is an exact replica of the actual
P-3C aircraft stations along with computer support for simulating the

ASW mission environment. The latest additions to the simulator (called

BT




the "update" system) contain many improved data processing and display
features. The following sections summarize these features and their
effect on the TACCO decision making task.

3.6.1 Probability Contour. A probability contour is a single ellipse
that appears on the TACCO display screen. It is based on the probability
of a submarine located at the intersection of two or more sensor bearings.

The contour is not based solely on where the submarine itself is or
could be. The contour is a combination of both sensor feedback
probabilities and where the sub is believed to be. This fact is driven

home visually by the fact that if a sensor pattern is changed to compute
the area of probability, the contour can change dramatically in shape
depending on the choice of sensors. The contour updates itself as a
function of time and sensor "fixes". The TACCO can call for the contour
to be displayed and can choose the probability (.2, .5, .8, or whatever)
and the size of the displayed probability contour changes accordingly.
The contour is based on the sensors and can be thought of as a joint
probability density function (PDF) about sensor bearings where the
actual sensor bearing is the mean of a normal distribution about that
bearing. The area of probability gets smaller as the sensor fixes get
better and more frequent. If a MAD contact is made, the area shrinks
dramatically since MAD contacts provide extremely accurate locations.

3.6.2 The Track-Fix. The update version has a built-in track fix

feature. In the previous version, the TACCO had to find the intersection
of two bearing lines by himself visually. In the update system, the
intersection is found automatically by the computer, and shows an "x" on
the TACCO display screen. He must then decide whether or not to enter
this fix into the computer. After a series of two or three fixes are
plotted, the computer generates the tracking bug.




3.6.3 Buoy Pattern Aids. After exchanging some information with the
computer system and indicating some points on the TACCO display screen,
the computer will automatically place the buoys in a pattern and
designate the fly-to points for the pilot.

For example, in order to construct a "wedge" pattern, the TACCO
is not required to enter data for each sonobuoy individually. He need
only enter the parameters of the wedge, such as (1) anchor location,
(2) spread angle, (3) orientation, (4) number of buoys, and (5) buoy
spacing. These types of pattern aids also exist for the "barrier"
pattern (straight line) and the "entrapment" pattern (circle).

3.6.4 MAD Detection Circle. This feature was in the older version

and retained in the update. The MAD detection circle is a screen-
displayed circle around the aircraft that can be set as a function of
height and probability of detection. This is helpful when the probability
contour gets small and the MAD detection circle is large enough to overlap
the contour. MAD prediction is then possible and is similar to tracking
bug prediction. It is simply a prediction of location of the submarine
based on previous MAD contacts.

3.6.5 SS1 and SS2 Features. SS1 and SS2 operators now have a CRT to
display their sonobuoy patterns and sensor bearings. They can also assign
a confidence number for DIFAR bearings on the range of 1 to 9. The

decision rule for assigning confidence numbers has not as yet been
established in operational P-3C missions.
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4. THE P-3 ADAPTIVE DECISION AIDING MODEL
4.1 Overview

The adaptive decision aiding methodology is intended to aid in the
passive tracking phase of the ASW task. The phase can be described as a
decision cycle shown in Figure 4-1. The TACCO receives information from
previously deployed sensors, integrates and evaluates this information,
makes his best estimate of the submarine motion, and decides where to
optimally drop the next pattern of sensors so that the tracking be continued
as long as possible with the least amount of resources expended. This cycle
will be described in detail and the decisions to be made in the process will
be indicated

The cycle begins when the TACCO receives information from the
previously deployed sensors (step A) The SENSO (sensor operator) -- who
filters the raw information coming from the sensing devices -- presents the
submarine contact information as directed bearings and range circles on the
TACCO's main data display screen.

The TACCO (step B) evaluates the incoming data and integrates his
assessment of the situation by placing "fixes" at the bearing line
intersections he believes to be true submarine locations. If he needs more
information, he can prompt the SENSO to obtain more data from any sonobuoy
in the water. The decisions he must make at this stage are: (1) which
signal is a true submarine signal, (2) which intersection of bearing lines
should be a fix, and (3) when to stop asking for more information and go to
the stage.

In step C he makes, with the aid of the computer system, the best

estimate of the current submarine location. This is given by the system as
a probability distribution map which is calculated from the TACCO assessment

4-1
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of the tracks and from apriori statistical information on submarine
behavior. It represents the probability that the submarine will be at
various locations at any given time. The most likely location is displayed
as a tracking "bug" and is updated in real time.

Step D comprises the decision aiding portion of the cycle. The
ADDAM system calculates the optimal positions for each sensor pattern in
the decision space and presents one of the patterns as a recommendation
thus relieving the TACCO from this central decision. The recommendation is
consistent via the adaptive model with (1) the past performance of the
TACCO in similar situations, (2) the determined probability distribution of
the projected submarine location, (3) the current environmental situation,
and (4) the capabilities of the sensors used in the pattern. The
recommendation appears on the screen as a text message indicating the
pattern type and the number of buoys to be deployed. Upon request, the
TACCO receives a display of the pattern superimposed on the map of the
search area.

It is now incumbent upon the TACCO to approve or reject the recommended
pattern (step E). If the TACCO rejects the pattern, he must allocate his
own pattern of sensors manually. This manual allocation will, of course,
follow established standard procedures as they now exist. In either case,
the internal decision parameters are updated to reflect the TACCO's preferred
strategy (step F).

The final step (G) of the decision task cycle is the actual deployment
of sensors into the ocean. With the completion of this action, the cycle
begins again when new contact information is received.
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4.2 Decision Space

The decision space is the set of alternative from which the TACCO
has to make his choice. From all of the possible decisions confronting the
TACCO in his submarine tracking task, the decision space has been reduced
through detailed analysis and interviews with experienced TACCOs to two
critical variables:

(1) Sensor pattern type
(2) Mumber of sensors in the pattern

TACCOs generally do not drop individual sensors into the water except
in special cases. The basic unit for sensor placement is a pattern. A
basic experimental set of patterns has been developed for the decision aiding
prototype system as one of the dimensions of the decision space. The basic
pattern types which will be permitted in the decision aiding model are the
following (see Figure 4-2).

(1) Tri-Tac
(2) Barrier
(3) Wedge

(4) Entrapment

4.2.1 Tri-Tac. The Tri-Tac pattern is a group of three sonobuoys placed

in an equilateral triangle configuration. One of the buoys is placed at

the best current estimate of the submarine's location and the other two are
placed so that the submarine will travel between them if it proceeds on a
straightline course. This pattern tends to be used early in the tracking
phase of the mission when the submarine location is known through intelligence
data to get quick initial estimate of the submarine's behavior without
expending a great many sonobuoys.
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4,2.2 Barrier. The Barrier pattern is a linear row of sonobuoys centered

on the submarine's predicted path. The pattern usually consists of four

or five buoys equally spaced and, on rare occasions, will contain as few

as three or as many as eight. The pattern is perpendicular to the submarine's
course so that the angles of contact bearings will be as orthogonal to each
other as possible  The parameters required to specify a barrier are

(1) anchor location, (2) orientation, (3) number of buoys, and (4) buoy
spacing. These parameters must be specified by the TACCO in addition to
information about buoy type, depth setting, and lifetime.

4.2.3 Wedge. The Wedge pattern is normally used when the submarine's
course and speed is known to a greater degree of accuracy. The wedge
consists of from three to eight sonobuoys placed in two straight lines
intersecting at an apex that is directly in the path of the submarine and
oriented so that contacts will be as orthogonal as possible, The parameters
required for wedge specification are as follows: (1) anchor (apex) location,
(2) orientation, (3) acute angle, (4) number of buoys, and (5) buoy spacing.

4.2.4 Entrapment. The Entrapment pattern is a circle of sonobuoys placed

so that the center of the circle and one of the sonobuoys are directly in

the path of the submarine. The pattern may contain from four to eight sensors.
The necessary parameters are (1) the center of the circle, (2) the radius,

and (3) the number of buoys.

4.2.5 Pattern Characteristics. As described above, the decision space

of sensor patterns has two major dimensions: (1) pattern type and

(2) number of buoys. The comination of 4 pattern types with a choice

of 6 sensor densities (3 to 8) makes 24 possible decision alternatives

in all. However, it is a unique characteristic of the tri-tac pattern

that it always contains exactly three sonobuoys. Furthermore, the
entrapment aiways contains more than three buoys. Thus, the total decision
space consist of 18 distinct decision alternatives (See Figure 4-3). The
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decision aiding recommendations to the TACCO will be selected from this
decision space. The sensor patterns have, of course, many more dimensions
than pattern type and sensor density. Optional location, sensor spacing,
life time, and depth settings are all necessary information, but are not
included in the decision recommendation space.

4.3 The Adaptive Utility Model

The P-3C decision aiding algorithm is based on the ADDAM decision
model developed over the past three years at Perceptronics. (Freedy,
Davis, Steeb, Samet, and Gardiner, 1976). ADDAM decision aiding algorithms
were modified to accommodate the increased complexity of the realistic
P-3 ASW problem. Sensor patterns are used as the basic decision choice
and critical factors such as sensor capabilities, sensor errors, tracking
strategies, environmental conditions, and human factors were analyzed and
incorporated into the developed algorithms.

The dynamic utility estimation used by ADDAM is based on a trainable
pattern classifier. As the TACCO performs the decision tasks, the on-line
utility estimator observes his choices among the R possible decision options
available to him., (R=18 in the implemented model). His choice is viewed
as a process of classifying patterns of event probabilities which are
calculated automatically from available information on sensor capabilities
and current submarine location. The utility estimator then attempts to
classify the event probability patterns by using a maximum expected utility
rule as the discriminant function. These classifications are compared with
the TACCO's decision and, whenever they are incorrect, an adaptive error
correcting training algorithm is used to adjust the utilities. In this
manner, the utility estimator "tracks" the TACCO's decision making and
"learns" his utilities. A more detailed discussion of the adaptive decision
model and the training algorithm may be found in Freedy, Davis, Steeb, Samet
and Gardiner, 1976.
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An important prerequisite to the application of decision aiding in
the ASW environment is a realistic structuring of the decision process., In
Figure 4-4, the decision task is presented as a decision tree, At the initial
decision node on the left, the TACCO has to decide which alternative pattern
Ai to deploy so that his task of continuous submarine tracking will be
performed efficiently. This decision is based on maximization of the expected
utility. For each alternative choice there are three possible outcomes:

(1) The pattern deployed will detect the submarine. (U])
(2) The pattern will fail to detect the submarine. (U2)
(3) The sensors will issue false signals., (U3)

The probability of occurance of each outcome is calculated
automatically according to the equations in Section 4,5. The fourth outcome
(U4) is a "pseudo-outcome" modeling the amount of resources deplicted by
dropping the particular pattern of sensors. As shall be shown later, this
parameter will be entered formally as an additional outcome with an associated
value analogous to a probability.

Utilities are numbers which characterize a decision maker's value of
a particular outcome. They can be estimated only within the context of a
particular decision model., In the P-3 model, the TACCO has an internal
value associated with continuation of successful tracking of the enemy
submarine, a corresponding negative value for failure of detection, etc.
The expected utility model asserts that the TACCO will choose the alternative
which will maximize his expected utility. The expected utility of outcome
j is:

EU, =

e~
o
(==
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and his choice is alternative j such that:

1

choice j = MAX™' EU,
j J
Rf Initially, each alternative member of the decision space has a

different vector of utilities associated with:

3 Uj = (jU], jUZ’ jU3, jU4)

They represent TACCO's personal preferences for each outcome of each pattern

in the decision space and depend on various external variables such as

weather conditions, submarine type, sea conditions, etc. In the P-3 model,

the environmental variations are extracted from the adaptively varying

part of the model. A different set of utilities is assigned to each

} combination of state variables. Once the state variations have been

extracted, the decision tree can be simplified into the form shown in |
Figure 4-5. Since all choices of patterns have the same set of outcomes
| for a given state of the environment, the utility of each outcome does

not depend on which sensor pattern is dropped to obtain it., (The exact
integration of state variables into the model is explained in Section 4.6).
The model now becomes similar to a multiattribute utility MAU model. A
detailed analysis of MAU models is given in Samet, Weltman and Davis (1977).
The expected utility equation for each pattern has a single set of utilities
for the various outcomes which are weighed by the probabilities of their
occurence, This is analogus to a multiattribute model which essentially
conceptualizes the value of an alternative as a multi-dimentional entity
which can be decomposed into a common set of measurable attributes. The

e UL NN

model computes an aggregate multiattribute utility as a weighed sum of each
attribute level Ai multiplied by the importance or utility of the attribute

Uio The calculated MAU of an alternative is used as the selection criterion,
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In the P-3 model, the probabilities Pji play the role of the attribute
levels Ajio Carrying the analogy further, the resource depletion parameter
is considered to be one of the utilities and represents the amount of
resources depleted by dropping the particular sensor pattern relative to

the optimal rate of resource depletion,

4.4 The Training Algorithm

The training algorithm is a linear multicategory pattern classifier.
Using a fractional correction factor, it traverses cyclically through the
schematic diagram of Figure 4-6. On each trial, the model uses the previously
calculated weights Ui for each attribute i to compute the expected utility
EUj for each pattern in the decision space:

4
e P.. U,
EU -;Zl i Ui

The probabilities Pji are derived from previously known facts about the
sensors, their reliability, coverage capability, etc. These probabilities
are presented to the TACCO for analysis so that he will base his choice on
the same information set. The model then assumes that the TACCO will always
prefer to deploy the sensor pattern with the maximum EU value. After the
selection, TACCO's choice and the model prediction are compared. If the
prediction is correct, i.e., the TACCO chooses the pattern with the highest
EU in the model, no adjustments are made to the utility weights. However,
if the TACCO chooses a sensor pattern with a EU less than that of the
predicted pattern, the model adjusts the utility weights using a correcting
vector which is the difference between the probability vector of the

chosen pattern and that of the predicted one. In this manner, the utility
estimator is "shifted" in the direction of the vector probabilities that
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it should predict, and away from the vector it did predict. The training
rule used to adjust the utilities of each outcome is illustrated in
Figure 4-7. The correction factor controls the speed of convergence

and will be determined by experimentation,

The vector of utilities is initialized arbitrarily with all
utilities equal to 1. It is guaranteed to converge to a solution vector
if such a solution exists. That is, if the TACCO is behaving rationally,
the model is guaranteed to find his internal values,

There are two phases in the training algorithm behavior which
alterrate according to a parameter 6 representing the level of confidence
3 the algorithm has about the TACCO's behavior., One is the "training phase"
H and the other is the "predictive phase". The effect of the two phases
E' is that when 6 is low, the system does not recommend a solution to the
i TACCO, When 6 is high, it presents that element of the decision space
with the maximum EU as its recommendation.

The training phase takes place at the beginning of system use when
the utilities have not yet had the chance to converge to a stable solution.
g | ¥ The adaptive algorithm is bound, then, to make many prediction errors, In
I such times the system should not influence the TACCO by presenting erroneous

! predictions. Internally, the system performs the training process as given
| above. The training phase is defined by

|>

8 < 0,7 where 8 =

—

0

where n is the number of correct prediction in the most recent 10 trials.
When the confidence level goes above the specified threshold, the predictive
phase begins. The system continues to apply the training algorithm but it
also presents the TACCO with a recommendation: the pattern choice with the
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maximum value of EU. The TACCO has the option to accept or reject this
recommendation and the system will apply the error correcting algorithm
accordingly.

4.5 Probabilistic Models

4.5.1 Submarine Detection. The probabilities which are used in the

adaptive model are calculated from a probabilistic model of the submarine
motion and sensor coverage capabilities. From the current submarine
motion and its most recent behavior, a probability distribution Ps(x,y,t])
of submarine location at time t] is calculated, t] is the time of the
next pattern drop and the distribution Ps is the apriori probability

of submarine motion derived from general and expert knowledge of submarine
behavior. Given that the submarine is at location (x,y) and the pattern

i is deployed, there is a probability si(x,y) that the sensors will fail
to detect the moving submarine. This is naturally a function of sensor
sensitivity, sea conditions, submarine type, and the distance of location
(x,y) from the pattern. The events of the submarine being at different
locations at time ti are independent events so we can calculate the global
probability of detecting the submarine by sensor pattern i with the formula:

P.o = [ P_(x,y) [1-8.(x,y)] dx dy
il S i
Xy
where the integration is done over the whole relevant area. The probability
of pattern i failing to detect the submarine is the complementary event:

P.,=1-P,

i2 1

For example, assume a simplified probability distribution of submarine
location is shown in Figure 4-8. The rectangular areas show three possible
future submarine positions with a corresponding probability associated with
each, D1 and 02 are the areas in which pattern #1 and pattern #2 will




FIGURE 4-8. PROBABILITY DISTRIBUTION AND PATTERN COVERAGE
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definitely detect a submarine. This corresponds to Bi(x,y) = 0 in these
rectangles respectively. The probability of detection of the submarine by
pattern #1 is proportional to the cross hatched parts of areas Al and A2
while the probability of detection by pattern #2 proportional to the cross
hatched part of area A3. In the more realistic model employed by the system
the distributions will be more complex.

Model of Submarine Behavior. The submarine is modeled as moving in

straight lines at a constant speed equal to that calculated from the last
several fixes in the track. At the same time, there is a small, but
nevertheless significant probability that the submarine will change course
between t0 and tlo This is taken into account by assigning a finite
probability “weight" to other directions on the circle of radius R = v(t] - to)
centered on the current submarine location, Figure 4-9 shows a contour map
of the total distribution., The significance of the contours is similar to the
probability centour plot currently used on P-3C update system. For example,
there is a probability of 0,7 that the submarine will be within the
crosshatched area shown in the figure at time t]. Other contours are
interpreted in similar manner, A constant probability is assumed over the
area enclosed by a contour line.

The TACCO, with the help of the current P-3C update system, can
simultaneously consider more than one track representing submarine location.
This happens when several sequences of signals are detected which can be
interpreted as a submarine motion. Thus, the TACCO cannot determine from
the information available to him which is the true track and he must account
for all possibilities in the calculations. In Figure 4-10 a situation with
three live tracks is shown. (x]y]), (xzyz), and (x3,y3) are the current
submarine locations as suggested by tracks 1, 2, and 3 respectively., The
TACCO associates a level of confidence with each track which is converted
(by normalizing to a sum = 1) to a probability associated with each track.
These are the values Py = Usls Py = 0.7, and Py = 0.2 shown in Figure 4-10,
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FIGURE 4-10.
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Using these weights and the speed calculated for each track the computer can
generate a probability distribution for each track and the sum of the three
distributions is the composite distribution Ps(x,y) used in the prediction of
the probability of submarine detection,

Sensor Failure Distribution. The sensitivity area around each

sonobuoy is modeled as a series of concentric disks of different thicknesses
(Figure 4-11). The thickness of the disk represents the probability of
detecting a submarine if it happened to be at the given distance from the
sensor, The sensitivity zones of the several sensors which make up a pattern
overlap in some areas, but since detecting the submarine by one sensor is
independent of detection by other sensors in the pattern, the integrals
calculating the global probability of detection can be calculated separately
and the results added.

Figure 4-11 shows the coverage contours of a simple 3-buoy barrier
pattern and the variation of detection probability as a function of the
radial distance from a sensor. The values of R], Rz, and R3 depend on the
weather, submarine type, and sensor type, etc.

£,5,2 False Alarms. The sensors dropped in the water produce both positive
and negative errors. The "negative" error B(x,y) which is used in calculating
the probability of submarine detection, is a failure to report a submarine
present in the sensitive zone. This is usually small and is a result of
total sensor failure, strong acoustic background noises in the water, or
electromagnetic noises in the atmosphere. A "positive" error a(x,y) is a
report by a sensor that a submarine is present where actually none exists,
This error is more common than the g errors and is caused by the extreme
sensitivity of the sensors which may mistake a large school of fish, a rock
formation, or a surface disturbance in stromy weather for a submarine.
Experience and pattern recognition skills of the SENSO reduce the level

of these errors.
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The false alarm rate is given as a probability which is fixed for
each pattern in a given drop but is a function of the following variables:

(1) sensor types

(2) number of sensors in the pattern
(3) sea conditions

(4) atmospheric condition

Each sensor type is associated with a probability Pa of positive

If there are N sensors in a given pattern, then the combined
probability of error becomes nPa.

errors.

A fixed increase in the the probability
of error is added when the sea condition is rough, Psc’ and similarly a

fixed probability Pac for bad atmospheric conditions. Altogether:

P K
false alarm = n [Pa + gcpsc + chac]

where:
5 4 {0 when the sea is calm
scC 1 when the sea is rough
and S {0 when the atmosphere is quiet

sC 1 when there is a storm

The probability of false alarm is entered into the calculation of the expected

utility for each pattern. The main difference between patterns in a given

drop (all have the same sea and weather conditions) is the number of sensors.

4.5.3 Resource Depletion. The number of sensors still on board the P-3

Aircraft is an important consideration when deciding which pattern and with
how many sensors to drop.

Through interviews with experience TACCO's, it is clear that ideally
the sensors should be depleted in proportion to the length of time of the
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mission so that the last sensors will be dropped into the water exactly when
the mission is over. Thus, the sensors and fuel should end together. If the
sensors are depleted before the fuel is exhausted, time is wasted which could
have been used to track the submarine. Conversely, if the fuel is exhausted
before all sensors have been used, the aircraft is forced to return to its
base with less than optional utilization of sensors. Ignoring different
types of sensors, if Ny is the number of sensors left on-board the aircraft
at time t, then a plot of n, versus t is the straight line shown in Figure
4-12, A parameter Ri which will indicate how good a given pattern i is in
approaching the optimal rate of sensor depletion, is shown in Figure 4-13,

The optimal number of sensors that should be on the plane at time t is:

= T-t
Nopt(t) = No - T
where:
N0 = the initial number of sensors on board
T = the total Tength of the mission in minutes
t = the time passed into the mission in minutes
Thus,
n,. -n__(t) T (T-t)
= 1.8 opt & i bl
o et sorr o - e il et e R e
opt ()
where:
Nej the number of sensors left on the plane after dropping

sensor pattern i

k a constant of proportionality which varies the acuteness
of the parameter Ri°
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Figure 4-13 depicts the value of Ri as a function of n
equal to 1 when the dropped pattern leaves n

ti° It is
T nopt(t) sensors on board
and it is lower for both larger and lower N This parameter is used as
one of the attributes in the multi-attribute model Ri = Ri4o

4.6 Environmental States

The adaptive model is linear, combining additively the contributions
of the different parameters considered. The influence of variations in
weather conditions, differing submarine type, and behavior is important
in the evaluation of the sensor patterns, but this influence is not linear
as it crops up as influences in the submarine model, sensor sensitivity
range, error rate, etc. These variations are accounted for by defining

“states of the environment" which are combinations of state variables,
After questioning experienced TACCOs, the number and range of the state

variables was narrowed down to the following:

(1) Sea condition: a. rough
! b. calm
" ~ (2) Weather condition: a, stormy
' b. clear
i . .
(3) Submarine type: a, diesel

3 b. nuclear

(4) Submarine maneuvers: a. enroute
b. evasive

Each combination of environmental variable values defines a

different state of the environment and a different set of parameters is
associated with them. The 4 state variables with 2 values each produces
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16 possible "states of the world". These parameters are used in calculating
the different probabilities in the model. Furthermore, a separate set
of utilities is associated with each state of the environment and each
such set must be trained separately. Although this requires a longer
training period, convergence speed is gained on each set. When the state
of the environment changes, the TACCO indicates such a change and the
system switches to the appropriate set of parameters (pretrained) and

can immediately proceed to predict the TACCO's decisions in the new
situation. Without this provision, the system would have to go through

a phase of retraining before it could predict correctly the TACCO's
choices for each change in environmental conditions. Figure 4-14 depicts
the different sets of parameters geometrically as "vectors" associated
with the probabilities and utilities.
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5. PRELIMINARY IMPLEMENTATION PLAN

5.1 System Concept

Figure 5-1 shows the system concept for the Integration of
AGDAM into the current P-3 system. The vehicle for implementation and
demonstration of the adaptive decision aiding algorithms is the
Laboratory Functional Prototype System (LFPS), a core subset of the
total P-3 system capable of stand-alone operation.

The LFPS program contains the necessary functions for complete
demonstration of the ADDAM concept with the exception of the module
for optimal sensor placement. This module is in the form of a coded
(but not running) mathematical routine called AZOI developed at NADC.
It will be incorporated into the LFPS environment for use by ADDAM.

5.2 System Specifications

The ADDAM system will be compiled under the programming language CS-1
aEs independently as a system procedure and will be debugged on the UNIVAC
CP-642B computer in Los Angeles, California. After it has been debugged,
| the ADDAM system then will be retrieved for inclusion within the ASW
Tactics and Tracking system routine on the NADC CP-901 computer at the
time of final compilation. These tasks can be illustrated in the
following diagram:

o T —

] ADDAM

ﬁ SYSTEM PROCEDURE SYSTEM ROUTINE

i local data system data

: CP-6428B 4 CP-901 user

: design and 5T design package |—r——» "

3 local precedure o and system = Jiorary
; procedure package

“. .
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During debugging, the total execution time can be controlled by
changing the software structure and by modifying the system algorithm.
The reason for precise time tracing is that the time constraint in the
existing NADC ASW program is critical for continuous display update
cycles.

The CP-642B and CP-901 computers have the same repertoire of
operations and the same functional performance except that CP-901 has
the paging and re-entrant capabilities. To achieve the above two
capabilities, eight instructions have been added to CP-901. Since the
existing ASW environment is neither a multi-programming nor a time-
sharing system, none of the additional eight instructions will be used
in the ADDAM system. As far as the instruction execution time and
memory cycle time are concerned, the CP-901 would not be any slower
than CP-642B. The CP-642B computer system, which will be used by
ADDAM, is located at the UNIVAC Computer Operations in Valencia,
California. Either a stand-alone operation or batch operating system
can be utilized upon request.
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