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Abstract

This paper secks to cxplore the potemtial of evolutionary alpo-
rithms for determining hard error bounds required for the use of GPS
n safety-of-life circumstances.

1 Introduction

The Global Positioning System (GPS) has proved to be very uselul in

a nrmmboer of applications. Aircraft navigation = among the most im-
portant. But in the safety-of-life cirenmstance of precision approach

and landing, we do not have sufficient guarantees of accuracy. While
differential GPS (DGPS) 15 precise enough much of the time, a con-
troller needs to be able to put strict error bounds on the position
estimate in order to be able to use DGPS for precision approach or
landing. This paper explores the use of an evolutionary algorithm to
determine these error bars.

2 Problem Specification

Rather than solve the “Is it safe to land, or not?™ question, I will at-
tempt to answer a shiphtly more peneral problem, “What 15 the worst
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Figure 1: The 2-dimensional projection of the distribmtion of positions calenlated
from subscts of the pseudo-ranges. The greem triangle 15 the estimate nsing all of
the psendo-ranges and the red x 18 the truoe position. The axis are in meters.

that the error conuld be?” Given a set of satellite ranges, we would like
to estimate an upper bound on position error. We are allowed to un-
derestimate the bound no more than once in 10 million trials. Simul-
tanconsly, one would want the service to he available as mmch of the
time as possible. In other words, we would like to keep overestimation
to a minimum while maintaining the strict rule on underestimation.

As the mumber of satellite ranges available increases, the set of cqua-
tions that the receiver must solve become iIncreasingly over-spocified.
The moal s to use this over-specification to generate a numboer of par-
tially mdependent estimates of position. The distribution of these
estimates can be used to estimate the distribution from which the po-
sition measurcment (using all satellites) was selected.

Figure 1 shows the two-dimensional projection of the distribution
of twenty subset positions. As one might expect, the trae position lhies
within this distribmtion. Given such a distribution, the goal 18 to draw
the smallest circle that surcly contains the tme position.



3 Previous Work

I am primarily building on work by Misra and Bednarz[3]. They pro-
posed an algorithm, called LGG1, which consists of three elements.

e A method of sclecting subsets of satellites with pood Feometries
e A characterization of the distribution of subset positions

s And a “rule” function that turns this distribution mto an error-
bound.

They demonstrated that such an algporithm, if safficiently conser-
vative, could give an error bound that was sufficiently stringent. If the
rule function was a lincar function, the error bound was sufficiently
stringent regardless of the underlyving range error distribution. The
recent subject of my research has been testing and improving the al-
rorithm.

| retain all throe clements of LGG1 algorithm bmt will change cach
of them. For this work 1 will be focusing on determining the rule
fonction. I will explore uwsing an evolutionary algorithm to determine
a rule function that exploits more expressive characterizations of the
subsct position distributions.

The original alporithm used a single metric to quantify the distri-
btion of snbset positions. The number that it used was the distance
hetween the furthest two positions and they called it “scatter.™ The
rule was a constant times this scatter. Such a rule conld be found
quickly given a dataset with millions of error-scatter pairs.

4 Current Extention

The current work secks to explore using a more expressive descrip-
tion of the subset position distribution. We wonld like to utilize the
fact that there is much more information m the distribution than the
geatter metric. 5o rather than characterize the distribution with one



