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Abstract

A major source of concern for planners involved in preparing for future
human exploration of Earth's moon and Mars is the occurrence of random, large Solar
Particle Events (SPEs) consisting of large numbers of energetic protons and heavy ions
emitted by the Sun. During the events radiation exposures of astronauts performing
extravehicular activities or extraterrestrial surface operations can reach levels which are
mission-threatening over time periods ranging from hours to days. The total dose
received by astronauts during one of these events can be estimated from the measured
intensity and energy dependence of the particle fluxes. Typical profiles of dose versus
time, calculated for past large SPEs display a Weibull-type mathematical form. Artificial
Neural Networks are ideal approximators for this type of nonlinear function. In this work
an innovative Sliding Time-Delay Neural Network (STDNN) is developed and applied to
the problem of predicting maximum doses received by astronauts from large SPEs as they
are occurring. The STDNN is trained and tested using astronaut organ doses calculated
from actual data collected by satellites during previous large SPEs. Results of this testing
indicate that the STDNN is able to predict total doses to within 5% of the organ dose
calculations for SPEs which are not part of the training sets. This is the first time that

Artificial Neural Networks have been used successfully to predict doses from these events.
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1. Introduction

1.1  Background

The Cold War was directly responsible for many advances in technology. The Space
Race between the Union of Soviet Socialist Republics (USSR) and the United States of
America (USA) was one of the outcomes. Early space missions by both powers
involved simple satellites. These satellites would be launched into low Earth orbit where
they would gather data and return it to Earth either by radio transmissions or by dropping
the recorded information via parachute. These missions gradually progressed to the
launching of small mammals into low Earth orbit. These missions provided planners
with data vital to the design of technologies that would allow for humans to travel safely
into low orbit. Both the USSR and the USA planned and executed successful manned
missions to low Earth orbit. However, the USA went a step further. Between the years
1969 and 1972 they were able to safely send men to the Moon and back. However, even
before the Cold War ended, manned space missions were once again relegated to the
relative safety of the Earth's magnetosphere.

Manned space missions beyond the Earth's magnetosphere, e.g. trips to the Moon
or to Mars, are an ambitious enterprise. The deep space environment is hazardous. The
energetic radiation in this environment comes from the Sun and other stars. The Earth's
magnetosphere protects spacecraft in low Earth orbit from much of this radiation.
However, a spacecraft on a manned mission to Mars, once it leaves the Earth's
magnetosphere, will encounter radiation from Galactic Cosmic Radiation (GCR), and
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from energetic Solar Particle Events (SPEs). This project will ignore the radiation
exposures that an interplanetary astronaut will receive from GCR and will focus instead
on the doses from large SPE due to the fact that these doses can be very large and can
vary significantly. Acute exposure to astronauts from one SPE during a manned mission

could be mission threatening.

1.2  Statement of the Problem
The radiation doses associated with an SPE are not easily predicted. Dose versus time
profiles of these events have only been calculated after such an event has occurred. A
method of predicting the maximum dose to astronauts during an SPE will be useful
during the planning and execution of a deep space manned mission e.g. an astronaut
working on the Moon's surface may be able to decide whether to seek shelter or to
continue working based on the prediction of the SPE maximum dose. The aim of this
project is to determine the feasibility of using an artificial neural network (ANN) to
predict the maximum dose to interplanetary astronauts when a major SPE occurs.
Artificial neural networks have many applications in modern day life. ANNs are
used at nuclear power facilities for control and fault analysis. They are applied to
solving the problems associated with complex control and signal processing in avionics,
robotics, and fault diagnosis. ANNs are also widely used in pattern recognition. These
patterns include images and sound. The ANN's pattern recognition ability is of key

importance in this work.




The use of ANNs in SPE dose prediction is not a new application. Aso ef al 1994
used the ANNs for short term prediction of solar flares [1]. The algorithm used sunspot
characteristics in an if-then format as the basis for prediction. The results of this work
indicated that a 99% prediction was possible provided the ANN used sunspot
characteristics that were known. Work by Jakimiec ef a/ 1994 incorporated an algorithm
that used the fluxes of the high energy solar particles for prediction [2]. These works
used parameters that were dependent on other highly variable parameters that had large
uncertainties associated with them. This project uses a new yet very simple and novel
approach in the application of ANNs for SPE prediction. The dose-time profile of an
SPE can be modeled by a Weibull function fit [3]. Utilizing the ANNSs for their ability to
operate as function approximators, an ANN is trained and tested with SPE dose data that
is in Weibull function form. Hence, for the first time, ANNs are used to predict accrued

doses to interplanetary crews from solar particle events.




2. The Space Environment

2.1 Introduction

For a manned space mission to the Moon or to Mars, spacecraft designers must consider
crew safety, and spacecraft shielding from radiation in the space environment. The
radiations in the space environment fall into three categories: the Van Allen Belts,

Galactic Cosmic Rays, and Solar Particle Events.

2.2  Van Allen Belts

In 1958 James Van Allen and his associates discovered that Earth had its own radiation
belts. From the data it was observed that particle intensities could be organized by the
Earth's magnetic field [4]. This was interpreted to mean that the particles were charged

and being controlled by the Earth’s geomagnetic field.

2.2.1 Inner and Outer Radiation Belts

Detailed information about the Van Allen radiation belts over an extended region of
space was first provided by the Explorer IV spacecraft. From these data it was shown
that there are two zones, one located between the ionosphere and about 2Rg (where Rg is
the radius of the Earth) and the other located between 3Ry and 4R;. This double peak

distribution led to the idea of the Earth having two radiation zones or belts. However,



measurements of lower-energy particles (i.e. > 40 keV) showed that the radiation was

continuous from ionospheric heights to the magnetopause.

2.2.2 The Radiation Sources of the Inner and Outer Radiation Belts

When cosmic rays penetrate the atmosphere they interact with the atmospheric
components and produce secondary particles. These secondary particles include
neutrons. These neutrons decay into protons, electrons, and anti-neutrinos. These
daughter particles are the primary sources of the energetic particle components of the
inner radiation belt.

The outer radiation belt extends outward on the sunward side to about 10R. It is
bounded by a particle trapping boundary that is in the same region as the magnetopause
position. On the hemisphere not facing the sun the boundary is 8-9Rg [4]. The particles
in the outer radiation belt have energies that range from a few keV to hundreds of keV.
Solar wind and the ionosphere contribute to this population of particles. The ionosphere
provides the lower energy components. The higher energy components are provided by
accelerating solar wind particles. Another source of high energy particles are the
remnants of plasma sheet particles that were injected into the outer radiation belt during

auroral disturbances.



2.3  Galactic Cosmic Rays

The true origins of galactic cosmic rays are unknown [5,6]. There is speculation that the
particles are the remnants of supernova. Other ideas suggest that the particles are just
leftover gases from developing solar systems and galaxies. For a mission to the Moon or
to Mars one becomes concerned more with the types of particles, their path lengths, and
their energies. The universal hypothesis indicates that there should be about 10° eV m?
of cosmic ray energy everywhere in the universe [5]. The particles involved include
protons, heavier ions, electrons, and y-rays. The y-rays are a result of inverse Compton
scattering of starlight and the bremsstrahlung of high energy electrons make up the lower
energy spectrum E < 100 MeV. The y-rays that are a result of the decay of neutral pions
(themselves the result of collisions between protons, nuclear components of high energy
particles, and interstellar gases) make up the higher energy spectrum E > 300MeV.
Research done by Wilson ef al [7] indicates that absorbed dose (where dose will be
discussed in Chapter 3) from GCR particles does not pose an acute health hazard for
humans. However the biological concern is that GCRs present a chronic radiation
exposure to interplanetary crews, thus increasing the statistical likelihood of crew
members developing cancers. In the case of the high-energy, heavy-ion component,

there may be unique biological effects not observed with conventional x-rays or y-rays.



2.4  Solar Particle Events

2.4.1 The Sun

The Sun is a sphere of plasma with a radius of 700,000 km. Its core is a fusion reactor
operating at a temperature of 1.5 x 10’ K and a particle density of 10’2 m> [8]. The
Sun’s atmosphere consists of three regions: the photosphere, the chromosphere, and the
corona. Figure 2.4.1 [8] shows a simplified cutaway of the solar interior. Most of the
observable light comes from the photosphere, which is a thin surface layer only 500 km
in depth. This region exhibits global oscillations with amplitudes of a few cm. Similar
to seismology on Earth, these oscillations in the photosphere are used to probe and
deduce the internal structure of the Sun. In the chromosphere and the corona the density
falls from 102 to 10" however, the temperature behaves differently. Moving outward
the temperature increases from 6000 K to 10,000 K. The temperature then makes a
significant increase to 2x10°K through a narrow transition layer. In the photosphere the
magnetic field strength varies between one and a few thousand gauss. In the
chromosphere and the corona the magnetic field strength varies between one and a few
hundred gauss(G) {1 G=10 “ Tesla (T) }. A turbulent convective zone can be found in
the top 200,000 km of the Sun’s interior. The turbulence is on discrete scales. At the
surface it shows up as granulation, mesogranulation, and supergranulation and the giant
cells are on scales of 1000 km, 10,000 km, 30,000 km, and 300,000 km respectively. For
plasmas the particle collision mean-free path in the photosphere, chromosphere, and
corona, are 107 m, 10" m, and 3x10°m respectively. Beyond a few solar radii the

plasma becomes collisionless.
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When magnetic flux tubes break through the Sun’s surface in one location and
then reenter in another location the results are sunspots. These can be seen in a picture of
the photosphere. Sunspots are usually found in pairs. Figure 2.4.2 [8] is an Ha
photograph of the chromosphere. It shows that around a sunspot region there is a bright
active region where a solar flare can occasionally take place. In the photograph,
structures called filaments are visible. There are two types of filaments: quiescent
filaments are long and thick and can be found far from active regions, and plage

filaments are much smaller and can usually be found inside active regions.

Figure 2.4.2 An Ha picture of the chromosphere [8]

Reprinted with kind permission from Kluwer Academic Publishers



Figure 2.4.3 [8] is a photograph of a solar eclipse. The corona is revealed with the
magnetic field being outlined by the plasma structures. There are some regions, called
closed regions, where the magnetic field is strong enough to contain the plasma, there are
also other regions called open magnetic regions where plasma streams outward from the

Sun as solar wind.

Figure 2.4.3 A photograph of a solar eclipse [8]

Reprinted with kind permission from Kluwer Academic Publishers
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2.4.2 Solar Flares

The mechanics of a solar flare are still unknown. Theories on the process also differ.
Figure 2.4.4 [9] shows the flaring loop model developed by NASA from the Solar
Maximum Mission. The concepts on the process outlined by Smart ez al [9] involve both
an impulsive phase and a gradual phase. This theory suggests that a disruption in the
magnetic stress on a loop results in the solar flare. During the impulsive phase magnetic
reconnection produces large quantities of electrons and protons in the upper solar
atmosphere This follows a model known as the thick target model. These particles move
away from the reconnection site, the corona, toward the lower, more dense part of the
sun's atmosphere where they deposit their energy in the plasma. Electrons which interact
with the denser material generate bremsstrahlung radiation. They also generate
gyrosynchrotron radiation as they gyrate along the magnetic field lines. Energetic ions
are involved in nuclear reactions. They knock neutrons out of target nuclei and generate
gamma rays. During this energy deposition process the plasma is also heated, the heated
plasma then emits ultraviolet and soft x-ray radiation, at this point the gradual phase
begins. As the heating decreases the plasma cools by radiation. Figure 2.4.5 [9] shows
an idealization of a solar-flare radiative energy intensity-time curve.

During the gradual phase explosive evaporation carries large quantities of high-
temperature plasma into the magnetic flux tubes. The energy put into the corona by the
flare is gradually moved by thermal conduction to the chromosphere where it is radiated
away by hydrogen and helium emission lines. The energy associated with a solar flare is
of the order of 10*? ergs.

11




WARD X.-RAYS
[ 4

YV UNES

Figure 2.4.4 The flaring loop model [9]



v -RAY BURSTS
IMPULSIVE MICROWAVE AND EUV BURSTS
WHITE LIGHT FLARE |

t IMPULSIVE “HARD™ X-RAYS (EX 20 keV) |
e

GRADUAL HARD X-RAY AND
EUV COMPONENTS :
Ha RADIATION i

{ "SOFT" X-RAYS (E =< 20 keV)
Ca

FLUX —»>

OECAY PHASE ————P
PRE-FLARE IMPULSIVE
HEATING PHASE 1

TIME —>

Figure 2.4.5 An idealized solar-flare radiative energy intensity-time curve [9]

2.4.3 Coronal Mass Ejections

Coronal mass ejections are self contained structures of plasma that are embedded in the
magnetic field [S]. When ejected into space they perturb the planetary medium. Rather
than an explosive energy release, these emissions are believed to be related to large scale
changes in solar features such as disappearing filament and streamer blow out. The

frequency of the coronal mass ejections also seems to be related to the solar cycle.
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During the minimum part of the sunspot cycle the rate is 0.25 per day and at the
maximum the rate is 2.5 per day [9]. The total energy involved in a large mass ejection
is equal to and may sometimes exceed that of a large solar flare. The velocities of the
leading edge of coronal mass ejections can range between 10 and 2100 km s, as
observed by the Solar Maximum Mission satellite. Thus their velocities are comparable
to that of the solar wind. Only about one third of coronal mass ejections travel fast
enough to generate interplanetary shock waves. These shock waves impart energy into
the interplanetary medium to accelerate electrons and ions to higher emergy. It is
believed that these accelerated energetic particles are the actual particles that comprise an
energetic SPE. Compared to GCRs, SPEs are short-lived, thus radiation exposure to
interplanetary crews may be acute. The biological hazards from acute exposures are
deterministic (i.e. deterministic effects require a threshold value) rather than stochastic.
Typical deterministic effects include fatigue, and mild radiation sickness at whole body
doses between 50 ¢cGy and 120 cGy. For whole body doses above 325 cGy the effects
are more severe, they include bone marrow depression and even death. The main

stochastic effects of concern are carcinogenisis.
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3. Dose Calculations

3.1 Introduction
In the space environment high energy particles such as protons, neutrons, and recoiling

particles are a source for the radiation quantity known as dose. Dose is defined as the

quotient of % where de is the mean energy absorbed by a material of mass dm from

the incident ionizing radiation [10, 11,12]. The old unit for dose was the rad.
1 rad = 107 J/kg
The S.I. unit for dose is the gray (Gy) where

1Gy=1JKg

3.2  Methods of Transport

The radiation dose that an astronaut receives inside his spacecraft will be different from
that at some arbitrary point outside his spacecraft. The particle fluxes necessary for dose
calculations must be transported through the spacecraft's aluminum surface, the
astronaut's suit, and then his or her body tissue. The NASA Langley Research Center has
developed the BRYNTRN [13] and HZETRN [14] space radiation transport computer
codes to characterize the primary and secondary interactions of solar particles and

galactic cosmic rays. BRYNTRN is a coupled neutron-proton transport program and
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HZETRN is a free space ion and nucleon transport and shielding program. Since this
work is primarily concerned with SPEs the discussion is limited to BRYNTRN. This
code propagates protons, neutrons, deuterons, tritons, He-3, and alpha particles through
the shield material of interest. In this case, the material is aluminum. The nuclear
fragments produced by interactions inside the shield material are also taken into account.
The code then propagates the incident particles and their fragments through a slab of
water. This simulates the particles' interaction with soft human tissue. The energies
involved in these calculations are high, thus, a straight ahead approximation is introduced

into the 1-D Bolzmann transport equation to give

o 0 T -
[a_a_ES(E)mp(E)}%(x,E) =3[ £ BB B G.1)

for protons and heavier ions. Since neutrons are uncharged, there is no stopping power

contribution S(E). Hence the equation for neutrons is
6 Tt ' 1 L]
[§+GH(E)}¢"(x,E)= > [ £,(E.ENo (x, E'dE (32)
jE
where on the left hand side 6,(E) are the macroscopic nuclear absorption cross sections in

cm’, % represents the net convective transfer of particles into or out of the material,

3S(E),

2 represents the energy losses due to coulombic interactions, and o(E)d(x,L)

represents nuclear attenuation. On the right hand side the f(E L) are the differential
cross sections for elastic and inelastic collision processes and the ¢;(x,E) are the fluxes of

i type ions at position x moving in direction x with energy E in MeV. These right hand
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side terms represent the production of protons or neutrons from the interactions with the
target molecules.

Solving eq(3.1) the following is obtained

7 p(x + h,rp)= exp(—c ph)y p(x,rp +h

+Y m,oc, Y IiexP(—Gph)_exP(—Gkh)]wk(x,rk e ) (3.3)

This is the basis of the BRYNTRN code where

Yp (5.7p) = SyE)y(x.E) (3.4
and r, = R,(E), where R,(E) is the range of protons of energy E, h is the step size, and
m, is the multiplicity of proton p produced by ion k in a collision. Equation (3.2) is
solved in a similar manner. The BRYNTRN algorithms have been verified to within one
percent accuracy by direct comparison to an exact analytical benchmark solution for a

continuous space proton input spectrum [12].

3.3 Dose and Dose Equivalent Calculations
Dose is a quantity that cannot be measured but must be calculated. There are various
methods for calculating doses. For the case of energetic particles in deep space dose is

calculated using the following equation
D, (x, >E) = 4; [ § (E)b(.E) dE’ 35
E
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The equation represents the dose to a point x from particles of energy greater than £

Stopping power is described by the equation:

4nNZ:Z e 2mv? , C
S(E)=—= {ln{(l_ﬁ)ll—ﬂ —Z—} (3.6)

1

where N is the number of target molecules per unit volume, m is the electron mass, is the
projectile velocity, B is the ratio of the velocity to the speed of light, Z, is the charge of
the projectile, Z, is the number of electrons per target atom, I is the mean excitation
energy, and C is a velocity-dependent shell correction term.

The biological effects of radiation are dependent on both the dose and the type of
radiation. The quantity relevant to the issue of radiation protection is dose equivalent
(H). Dose equivalent has S.I. units of joules per kilogram, similar to dose; however, the
name given is sievert (Sv) [10, 11, 12]. If dose is expressed in rad, then the unit for dose

equivalent is the rem. To calculate dose equivalent the following equation is used
Hyx,>E) = 4; f O(E)S (E"Y,; (x,E"YdE 3.7
E

where Q is the quality factor that relates absorbed dose to risk. Figure 3.3.1 shows a plot
of Quality factor Vs Linear Energy Transfer (LET) [15]. For target fragments and
nuclear recoils produced by incident protons the equations for dose and dose equivalent

are rewritten as

Di(x,>E)= ZIE_'J%(E' ), (x,E )dE (3.8)
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and

Hy(x>E)=}, [E0E Jo ,(E B, (x.E JdE (3.9)

where E'—J is the average recoil energy of the jth fragment.
For propagating neutrons the dose and dose equivalent contributions that result from

target nuclei recoils or fragments are computed using similar expressions.
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Figure 3.3.1 Quality factor Vs Linear Energy Transfer [15]
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3.4  Dose Analyses for SPEs

For this research SPE fluence data were measured by instruments on Geostationary
Operational Environmental Satellites (GOES). These SPE spectra at various times since
the start of the event are transported using BRYNTRN through 2 g/em?® of aluminum
shielding, and then through water to simulate the human body's self shielding. The
results are dose versus time since the beginning of the event. For dose analysis, protons
only are currently used. Alpha particles and heavy ions are neglected because their

spectra are not adequately measured. Figure 3.4.1 shows plots of six large solar flare

integral fluences from GOES-7 data [7].
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4, Artificial Neural Networks

4.1 Imtroduction

An ANN is developed to predict the maximum doses from an event in the space
environment. Although nowhere near as complex as the human brain, a neural network
is quite capable of performing complex tasks. In order to understand the neurons that

make up an artificial neural network, an understanding of the biological model is helpful.

4.2  The Biological Model

In the human brain there is a complex interconnected network of approximately 10"

biological neurons [16]. Figure 4.2.1(a) [16] shows a schematic view of a biological

neuron. Figure 4.2.1(b) [16] shows a simplified sketch of synapses.

1. The soma is the central structure in which logical functions are performed. The soma
also contains the nucleus of the cell and the protein synthesis machinery, thus making
the structure also responsible for keeping the entire cell alive.

2. The axon is a highly branched nerve fiber attached to the soma. It serves as the

output channel for the neuron. The axon hillock is the initial segment of the axon.
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Figure 4.2.1: (@ A schematic view of the biological neuron [16]

®) A simplified sketch of synapses [16]

Reprinted with kind permission from John Wiley & Sons Limited
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At this structure, the signals are converted into nerve pulses and propagated along the

axon to the target cells such as other neurons, receptors, and muscles.

_ The dendrites are branchlike structures that connect one neuron to other neurons. A

neuron usually has between 10° and 10* dendrites connected to it at the soma.
Dendrites receive their inputs from other neurons via contacts that are called
synapses. Dendrites are the media that carry the input signals to the neuron and that
carry the conducting signals from the soma.

Synapses act as interfaces between axons and dendrites. They can change a dendrite's
local potential from positive to negative. Synapses can work either as exicitors or
inhibitors, increasing or dampening neuron excitation. Information is supposedly
stored in a neuron in the neuron's synaptic connections. In humans, synapses are
primarily chemical in nature while in less advanced animals, synapses are based on

electrical transmission.

The soma receives inputs from other neurons via adaptive synaptic connections to
dendrites. Output signals from a cell are transmitted along a branching axon to synapses
of other neurons [16]. The output pulse rate is dependent on the input signal's strength
and the strength (weight) of the corresponding synaptic connection. The maximum rate
of fire is about 1000 pulses per second. The output signal is proportional to a linear
combination of the input signals. Neurons operate in a combination of analog and digital
form. Information transmitted between neurons is in the digital form and the encoded
information is in the form of an analog signal. Pulses that arrive at the synapse generate

an analog internal potential that is proportional to the synaptic strength which is either
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positive or negative depending on whether the synapse is exciting or inhibiting the
neuron. The potentials are then summed in a spatial-temporal way. Should the total
potential exceed some total value or threshold then a series of pulses is generated which
travel along the neuron's axon [16]. Artificial neurons process signals using the same
fundamental methods as the biological model, thus making them useful for function

approximation.

4.3  The Basic Neuron Model

There are several models of artificial neurons. For the sake of simplicity the discussion is
limited to the model used in this work. The basic neuron is a multi-input nonlinear
device with weighted interconnections w; also referred to as synaptic weights.
Representing the cell body is the activation function y (u). The mathematical model of

the basic neuron 1s

Y; :\V[Zn:wﬁxi+®j} 4.1

where ©;is the external threshold or bias, w; are weights, x; are inputs (i = 1,2,..,n), nis
the number of inputs, and y;is the output. Figure 4.3.1 [16] is a schematic diagram of the
basic neuron model. In very early models a binary, hard-limiting activation function was
used. The weighted sum of all the inputs was compared to a threshold, ®,. If the sum
exceeded the threshold, then the output was set to the high value or logic 1; otherwise,

the output was set to the low value or logic 0.
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Figure 4.3.1 A schematic diagram of the basic neuron model [16]

Reprinted with kind permission from John Wiley & Sons Limited

Usually the threshold function is a more general nonlinear function so that the
output of the neuron can either be a discrete or continuous value between -1 and 1. In
this case the output signal is determined by an increasing sigmoid function of a weighted

sum of the input signal. This sigmoid function can either be symmetrical around zero

(1-exp(—2vu,))
(1+ exp(—2vu;))

y; = tanh(yu;) = 4.2)

or non symmetrical

1
Ys T W exp(u )

(4.3)

n
where u; = Zw X; and vy is a positive constant that determines the steepness of the
i=0

sigmoid function's slope. For this work y has a value of 1 and the symmetric sigmoid
function is used. Figures 4.3.2 and 4.3.3 are plots of the symmetrical and non

symmetrical sigmoid functions respectively.
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4.4  Network Architecture
4.4.1 Feedforward Multilayer Perceptron
Multilayer Perceptrons (MLP) are feedforward neural networks in which the neurons are
arranged in layers. Neurons from one layer are connected to neurons in adjacent layers
via unidirectional links. The weights represent these links and they act as signal
multipliers. Figure 4.4.1 [17] shows a schematic of a three layer perceptron. The
neurons in the input layer do not perform any calculations, but feed signals to neurons in
the first hidden layer, which feed the second hidden layer, which then feed the neurons in
the output layer. Layers between the input and output layers are called hidden layers.
According to the Universal Approximation Theorem [17, 18, 19, 20, 21], a single hidden
layer is sufficient for a multilayer perceptron to perform computations for a given
training set represented by a set of inputs and a desired output function [17]. There is no
theoretical limit to how many hidden layers are used in a network architecture, however,
in practice, one or two layers are used. This is done to reduce the chance of overfitting.
In a feedforward MLP each neuron has one output and multiple inputs. Connections
from higher layers to lower layers are not permitted, neither are connections between
neurons in the same layer.

In the MLP the individual neuron's output is computed like that of the basic
neuron model:

;= v [ Zwx; + O] 4.1
where v is the activation function, ©;is the external threshold or bias, w; are weights, x;
are inputs (i = 1, 2,..., n), n is the number of inputs, and y; is the output.
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The values of the weights determine network behavior and its ability to process
input signals. These values are kept constant during computation. To obtain the desired
network response, the optimal values of the weights must be properly calculated. This
requires that the MLP must be trained. This process is called the learning or training
process. During this process information is back-propagated through the network in
order to update the weights in successive layers. Thus weights in the output layer are
updated first, followed by the weights in second hidden layer and then the weights in the

first hidden layer.
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Figure 44.1 A schematic diagram of a three layer MLP [17]
Haykin, Simon, NEURAL NETWORKS: A Comprehensive Foundation, Copyright

1994, p.141. Reprinted by permission of Prentice Hall, Upper Saddie River, New Jersey.

29



4.42 Time Delay Neural Networks

Standard MLPs process a static mapping. In this research the dose profiles that the
network is trying to approximate are temporal in nature. The final dose may be
estimated by using doses sampled from several different times. A brief discussion on
ANNs that do temporal processing is necessary, specifically, Time-Delay Neural
Networks. This type of network, shown in Figure 4.4.2, was originally designed for
speech recognition. Time-Delay Neural Networks are multilayer feedforward networks
in which the inputs are both past and present signals. By using both present and past
‘inputs temporal behavior is learned [22]. For this application, the measured signals are

delayed and used as input to the network.

X

— Y()

Figure 44.2 Time Delay Neural Network

The network type used in this research is the Sliding Time-Delay Network
(STDNN), as shown in Figure 4.43. This a variation on the TDNN.
In the case of the STDNN the time delays vary. In the standard TDNN the delays are
constant. The inputs are the values of the time dependent function f{2), with t being the
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Figure 4.4.3 Sliding Time Delay Neural Network

fractional size of an arbitrary time interval 7, where T = nt, and n is the number of input
neurons. There are no feedback terms in an STDNN so training is accomplished using

the standard algorithms.

4.5  Training the Artificial Neural Network

The disparity between the function that the network is trying to approximate and the
actual function the network generated is represented by the value of the sum-squared
error. The error generated by an arbitrary jth neuron is represented by the following

expression:

e;(n)= d;(n)- o;(n) “4.4)
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where e;(n) is error, d;(n) is desired output, and o, (n) is actual output of the jth
neuron(n). For this work there is only one output neuron. The value of the sum-squared

error is expressed as follows

E=Y ¢e(n) (4.5)

where E is the sum of squared errors. Thus if the training set had eighty training
patterns, and an error of V2 was tolerated for each training pattern, then the sum-squared
error is 160. A target value of sum squared error is called a training parameter.

Training a neural network can be viewed as a mathematical optimization
problem. The minimization of the sum squared error E, which is also a function of the
network’s weights and biases, is the desired objective. Letting x represent the vector of
weights and biases, and Ax represent the change in weights and biases to reduce E, the
minimum error E,,;, is written as follows

Ein = f1%1 %2 ,%3 ,-..%, ) =f (%) (4.6)

Gradient methods for solving eq(4.6) utilize the Taylor Series expansion in vector form:
Fa+Ax)~f(x)+g Ax + %AxTHAx +... @.7

where g is the Jacobian gradient vector, Vf is the gradient vector of a row vector of

partial derivatives of the function f.

I e A A
vf {6x1 o 6x} (4.8)

n

and the transpose of the gradient vector is the Jacobian gradient vector
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g'=vf (49)

and H is the Hessian Matrix
oy ¥f . 9]
ox;  Ox,ox, Ox, 0,
o’f .
H=| 5x,0x, T =E"(x) (4.10)
of .. .. %f
| Ox,x, ox, |

The activation functions of an ANN must be continuous and differentiable, which means
that the first and second order partial derivatives exist. Thus at local and global minima,

g is a null matrix, and H is positive definite.

4.5.1 Method of Steepest Descent
Steepest descent is a first order method of optimization. In this method the Jacobian
gradient is used to determine the direction movement necessary to reduce the error. The
change in error (AE) is defined as follows:

AE=g" Ax (4.11)
This is a first order approximation. In order to obtain a maximum reduction in £ in the
direction g, a line search is performed. From this line search Ax = A9 is determined,
where @ is a unit vector in the direction of -g. To determine a value for A, it is raised
until the error is a minimum in the direction @. Line searches are computationally
intensive. This is due to the fact that £ must be evaluated several times to reach the

minimum in the direction @. The rationale for repeating these evaluations is that the
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global minimum may not be in the direction of the initial negative gradient. Figure 4.5.1
shows the steepest descent method with line search. The pathway to the minimum is
very random and near the minimum learning is slow. In Figure 4.4.1 each new line

search is perpendicular to the previous

Figure 4.5.1 The Steepest Descent Method with Line Search

and the length of movement gets smaller in the vicinity of the minimum. This means

that convergence near the minimum is slow and that is a disadvantage of this method.

4.5.2 Gauss-Newton Method
This Gauss-Newton Method uses an approximation of the Hessian matrix in order to
obtain second order information about the error surface. The error function E is the sum

of squares of each error generated by the corresponding output for each training vector
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E=Y[Lef @.12)

Defining f as follows

7= 005 fu0)] (4.13)
we obtain
E=f"f (4.14)

The next step is to define a matrix A. This matrix comprises variations of each m the

term in the error function due to variations of each parameter n: the weights and biases.

9 9 o,
ox, ox, ox,
A=|or, o, | &, (4.15)
I . Y
L@xl axn_

The first partial derivative of the error equation eq(4.12) with respect to each parameter
yields the Jacobian vector in terms of A and f:

g=2A"f (4.16)
The second partial derivative with respect to each parameter yields

H =2A”A + a second order term @.17)
Now using the Newton method [16] we solve for any movement Ax towards X, as
follows

Ax=-H'g (4.18)

By substitution of eq(4.16) and eq(4.17) into eq(4.18) and ignoring the second order

term in eq(4.17) the following is obtained
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Ax = -[ATA] ATf (4.19)

4.5.3 Levenberg-Marquardt Method

There are many methods used to train an artificial neural network. The method of
interest in this work is the Levenberg-Marquardt method [23, 24, 25]. The Levenberg-
Marquardt method makes use of both the reliable convergence of the steepest descent
method on the error surface when far from the minimum, and the rapid convergence of
the Gauss-Newton method [16] when close to the minimum. This is accomplished by the
use of a variable metric A

Ax=-[M+H]"g (4.20)
where I is the identity matrix.

Substituting eq(4.16) and eq(4.17) into eq (4.20) we obtain

Ax=-[M+ATAT ATS (4.21)
When A — o, Ax approaches -A’f (Steepest Decent Method)

When A — 0, Ax approaches [AT A ]’l A'f (Gauss-Newton Method)

To minimize E, Marquardt [24] proposed a method for varying the metric A. The
metric A is multiplied by ten, moving towards the Steepest Descent Method, until the
error is reduced and incrementing . The method then divides A by ten checking to see
whether the new increment Ax has reduced the error. Should the error not be reduced A
will be multiplied again until the error is reduced. When Ax is reducing the error, the
method will move towards Gauss-Newton. When Ax is not reducing the error, the
method will move towards steepest descent.
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Levenberg-Marquardt [23, 24, 25] is chosen over standard Backpropagation [16,
17, 19] as the training algorithm. Levenberg-Marquardt has been shown to converge

much more rapidly than Backpropagation for normal sized networks and training sets.

4.5.4 Important Training Issues
After a network is trained it is tested with data that are not used for training. A network's
ability to give a correct output for an input that is not used during the training process, is
called its ability to generalize [17, 18]. These input and output patterns are referred to as
test data or test sets and must originate from the same or similar population that
generated the training set.

Training a neural network is considered to be a curve fitting problem, as shown in
Fig 4.5.2, where the data are properly fitted. Generalization is a result of good non-linear
interpolation of the input set [17]. Multilayer Perceptrons (MLPs) with continuous
activation functions are useful for generalization because they yield output functions
which are also continuous. MLP networks that have good generalization properties
produce the desired input to output relationship even if the test input set differs slightly

from the training input set.
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Figure 4.5.2 Properly fitted data

A network that has learned much more input/output relationships than necessary
is said to have been overtrained. The network memorizes only the training data,
including any electronic noise in the data, thereby reducing its ability to generalize
between similar input/output patterns. This can occur when there are too many hidden
neurons or hidden layers. This can also occur when training is allowed to continue to
unreasonable error goals. The result is that the network overfits the data. An example of
overfitting is illustrated in Fig 4.5.3.

To avoid the chance of overfitting the following methods are recommended [21]:
1. Reduce the number of hidden neurons. This reduces the number of degrees of

freedom in the network and reduces the chance of overfitting.
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Train the network with a realistic error goal.

Increase the size of the training set. In larger training sets, the noise tends to be
averaged out. Thus, the properties of the training function and not its noise are
learned.

Use cross validation training to identify when overfitting occurs. In cross validation
training two data sets are used during training. The first set is used for training the
network and the second set is used to check for overfitting. Due to the fact that
overfitting occurs when the network learns the training data better than it would for
other data, the checking data is used during the training process to check for behavior

[21].
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Fig4.5.3 Overfitted data

39




The other training issue of relevance to this research is the issue of local and
global minima. During the training process the network's objective is to reach the global
minimum of the error function. Despite the convergence properties of gradient descent
training algorithms, there is no guarantee of reaching the global minimum when non-
linear activation functions are used. Following the negative of the derivative of the error
function with respect to weights and biases can sometimes cause the network to become
stuck in a local minima instead of reaching the global minima. This is a stochastic
process. Figure 4.5.4 shows a sketch of an arbitrary error function with local and global
minima. To remedy the problem of local minima, training is restarted using new random

weights and biases, in the hope that a local minimum will be avoided.
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Figure 4.5.4 A plot of an error surface with both local and global minima
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S. Methodology

5.1 Objective
The objective of this research is to determine the feasibility of using an artificial neural
network to predict the maximum dose to astronauts early on during a major Solar

Particle Event. Details of how this is accomplished are presented in this chapter.

5.2  The Data Set

Calculations of skin dose versus time are used in the training of the neural networks.
These data originate from particle fluence data collected during a series of solar particle
events dating between 1989 and 1994. The SPE fluence data were measured by
instruments on GOES-6 and GOES-7. To obtain the dose-time data, the SPE integral
fluence spectra over time is transported through 2 g/cm’® of aluminum shielding. This
represented an astronaut's space suit. These modified spectra are then transported
through water to simulate the human body's self shielding. Work done by Badhwar [3] at
NASA Johnson Space Center indicated that the data could be modeled by a Weibull

function

D(y) =D (1 -exp(-af)) (.1
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where D(1) is the dose at time f, D, is the maximum absorbed dose, and o and v are
fitting parameters. Figure 5.2.1 [26] shows a Weibull function fit for the SPE that

occurred in September 1989. The filled squares are the calculated skin doses, the open
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Figure 5.2.1 Weibull Fit of 9/89 SPE dose [26]

circles are calculated occular lens doses, and the filled triangles are calculated bone
marrow doses. The solid lines are the fits obtained using least squares regression
techniques. Table 5.2 shows the fitted D_.’s, o's, and y's for selected events between

1989 and 1994. From the table there were fifteen D, 's each for eyes, skin, and the blood
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forming organs. Thus there are forty-five D,,'s available for use. Once in this functional
form, the data training and test sets are generated.

MATLAB [Copyright 1984 - 1994 The MathWorks Inc.] software is used to train
and test the artificial neural network. A MATLAB script [Appendix 1] was written
which converts the data in Table 5.2 into the corresponding Weibull functions. Thus a
total of forty-five such models are generated. The Weibull functions generated are stored
in a 1 x 100 matrix. This is done by letting time (t) range from zero to 4400 minutes in
time steps of forty-four minutes. Figure 5.2.2 shows a typical Weibull curve generated by

the Weibull generating MATLAB script [Appendix 1]

Table 5.2 Fitted D,.'s (labeled Skin, Eye and BFO), a's, and v's for selected events

between 1989 and 1994

YEAR _ SOLAR PARTICLEEVENT LOCATION  SKIN ___EVE BFO _ |ALPHA [GAMMA
1589 MAR 17/1855 TOMAR 270000 NIIWED | 276392 1023896] | 0025778 100E-0¢] 195
1888/AUG 12/1600 TC AUG 2210000 = SIOEI? | TTigs4838) sssgag| | 8003866 1OCE-0 332

—1889[SEPT 12/1800 TC SEP 22/0000 - ST 024118] GA47457} [ 0023507 10CEL6] 1l

| 18891SEFT 2911205 TO OCT 9/0000 TS28WB0 11481551 107.3608} | 18.44648; 1OCELE 1 9%

T198970CT 191305 TC OCT 2870000 . | S2IEID 45TETRE, 3058578} | 41.19525; 1.0CEGE. - BE
1889/NOV 150735 TC NOV 2500000 ¢ [N1WW28 | 650206 o4a3477} | 0100686 36CECS 0.8
1986 NOV 3071345 TC DEC 8/6000 | N2EWSS T T1434205) 8000B07| | 0.237253) 1.00E-11]  34f
1991 [MAR 2376820 TG MAR 2870000 | S29E28 71905048 04 05822| | €.084993] 100E-1C 347

| 18911MUNE 1170230 TO JUNE 150000 INBOE70 406601 260W<7| | 3.55424) 1.00E07] 2.8

1991 JUNE 1510825 TO JUNE 210600 N3IWe9 TT7758%ee. 175641] | 248067 TOED: 132
1991,J0LY 70455 TOJULY 170000 ©  IN2BED3 z‘é‘msg CADM18] | C.024873 1.00E06 187

T 1902INAY 9/1005TO MAY 100000 . SaBED08 T 145738, 05238%1] | COSS46T 1D0E0S] 15
e _fzazmsrommeq“ NDOWE? | 5956972 2975045] | C.3801S5 8.00E05, 1.3
. ? S22°W61 | 79.26034 468602 542332 10&-05; K
1964 FEB 2006300 7O FES 2570000 NDBIG2 | CaTai5 C22%18| | 0024878 1008 1.8
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Figure 5.2.2 A Weibull curve generated by the MATLAB script in Appendix 1

53  Generating the Training and Test Sets

As stated in Chapter 4 the type of neural network used in this research is a Sliding Time-
Delay Neural Network (STDNN). Therefore the data sets must be in a form that the
STDNN can process. A second MATLAB script [Appendix 2] is written which further
converts the data sets into a form that can be used for training and testing purposes. The
Weibull functions generated by the previous script formed the input set. The second

script [Appendix 2] samples the input set at a certain time interval 7, as shown in Figure
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5.3.1. For this research, the training inputs to the network are equally spaced samples
from the initiation of an SPE to an arbitrary time ¢. At this time 7 the output would be the
D, (maximum dose) at the end of the event. Therefore at any time # the network could
approximate the maximum dose the astronaut receives. Using the relationship T = nr,

where n, number of samples acquired along the curve of the specific Weibull function,

[~

n 1 n I
20 40 o0 80 100 120
NUMBER OF INPUT/OUTPUT PAIRS

Figure 5.3.1 A Weibull curve with a sample along the interval 7'

correspond to the number of neurons in the input layer, and 7 is the sliding time delay of
the interval, dose values at arbitrary time ¢, ¢ - 1,..., f - (n - )1 are obtained. The script
generated input and output training sets. The number of samples in an interval,

performed along the Weibull curve corresponds to the number of training inputs to the
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STDNN, e.g. five points along the Weibull curve corresponds to five input neurons
which in turn are represented by a five column matrix in the input set. The output set,
however, remains a single column matrix that contains the D,, for the specific SPE.
Figures 5.3.2, and 5.3.3 show the converted input, and output data sets respectively,

generated by the second MATLAB script [Appendix 2].
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Figure 5.3.2 The input set generated by the script from Appendix 2. Let dose at time t
be an arbitrary point on the Weibull curve, this corresponds to one nodal input. The
other four input nodes are generated by obtaining dose at times 7 - 1, - 21, - 31, and / -

4.
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Figure 5.3.3 The output set generated by the script in Appendix 2. This set contains

the D, for a specific SPE

These newly converted input/output data sets each represent a specific SPE. By
combining three to five different SPE input/output data sets, the network is given a large
range of values of D, Figures 5.3.4, and 5.3.5 show the concatenated input, and output
data sets respectively. For this work D, ranged from 0 to 450 cGy, thus facilitating both
training and testing. The concatenated data sets are split into two groups, a training
group, and a test group. The training group contains training sets that are used to train

the STDNN on the functional relationship between the training Weibull function and its
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D, The test group contains the test sets that test the network's ability to predict the test

o T

NUMBER OF INPUT/OUTPUT PAIRS

Figure 5.3.4 The concatenated input set

NUMBER OF INPUT/OUTPUT PAIRS

Figure 5.3.5 The concatenated output set
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5.4  Training the Network

The network is trained using the Levenberg-Marquadt training algorithm [19] described
in Chapter 4. A MATLAB script [Appendix 3] was written to perform training. This
script uses a function from the Neural Networks Toolbox [MathWorks Inc.] which trains
the neural network using Levenberg-Marquardt.

The Weibull function is a nonlinear function. In order for the network to perform
optimally as a function approximator the activation function in the first hidden layer must
be nonlinear and continuous. As a result, the tansigmoid (equation 4.2) activation
function is chosen. The corresponding activation function in the output layer is the linear
activation function since the output can attain any value.

The input data set is scaled using mean centered unit variance. This is done to
prevent premature saturation of the hidden neurons, thus slowing training. Since the
output data set is linear, there is no need to perform scaling of that set.

The network is trained until the target value of the sum-squared errors is
obtained. Using eq(4.5) the target value of the sum-squared error is 160 cGy* for
training sets with four SPEs, and 200 ¢Gy’ for training sets that contained five SPEs.
Once the network trains to within + 5% of the sum-squared error goal, the values of the

corresponding weights and biases are saved.
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5.5 Testing the Network

Another MATLAB script [Appendix 4] was written specifically for testing the network.
This script uses SIMUFF [Copyright 1984 - 1994 MathWorks INC. Neural Networks
Toolbox] which simulates the feed-forward network, using the same network
architecture, corresponding activation functions, and the weights and biases obtained
from the training script. The test sets are used as the input/output sets. The network's
performance is judged visually by comparing the superimposed target output set with the
actual output set the network generated. If the difference between the actual output and
the target output is greater than 5% the performance is judged to be poor. Poor
performance may be a result of overfitting or an incomplete training set. Therefore the
following steps are taken:

1. If overfitting is responsible for the network's poor performance, the network is

retrained using a smaller network architecture as well as new weights and biases.

2. If the poor performance is the result of an incomplete training set, the network was

retrained using a different training set, as well as new weights and biases.

If performance is good (difference of less than 5%) the training and testing process is

sometimes repeated to obtain the smallest value of the sum-squared error using the

largest permissible data set. Figure 5.5.1 shows a flow chart of the methodology process.
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SPE data

The SPE data is put into
Weibull function form

Input/Output Set

J --

IK concatenated input/output set J
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l

The concatenated input/output sets are split
into two groups, one for training the STDNN,
and the other for testing the STDNN.

Figure 5.5.1 A flow chart of the Methodology process
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6. Results

6.1  Training and Testing the Network
The training process was initially tedious on two fronts. The training algorithm used is
the Levenberg-Marquardt [24] algorithm. As with all training algorithms there is the
possibility of the algorithm software getting stuck in a local minima. In a local minima
the sum-squared error remains virtually constant as the training epochs progress. Should
this occur, the training process must be terminated and restarted. The second problem
involves the size of the training set. The network is initially trained with data sets that
have twenty input/output pairs for each SPE. Thus for a data set that contains seven
D_'s, the data set has 140 input/output pairs. In this case the target sum-squared error
was 280 cGy’. For such large training sets the D, has to be within an order of
magnitude for the network to train. This is unacceptable since the range of D, used in
the research is between zero and 457.5 cGy. There is also the increased occurrence of
the network getting caught in local minima. The problem of the size of the training set
is resolved by the reducing the number of input/output pairs from twenty to ten for each
SPE. This reduces training difficulties.

For a neural network to perform the task of prediction the training data has to
cover the data space where it is expected to operate. Figure 6.1.1 and 6.1.2 respectively
show the input and output sets that are used for training the network. This training data

set contains both the maximum (457.5 cGy) and minimum (0.5 cGy) values of D_ .

52



—
r , ur .l, ..y:l;Miw S ///

70

60

500

150

20
NUMBER OF INPUT/OUTPUT PAIRS

10

Figure 6.1.1

53



500 7 — —y e — 1

s - 7

350 { B

300 i B

> |
@250 I ;
L {
8 {
!
200 | B
|
150 :
| |
] i
100 i !
50 7
0 L e AN 1 / ] I
0 10 20 30 40 50 60 70

NUMBER OF INPUT/OUTPUT PAIRS

Figure 6.1.2 The training output set

A network architecture with five input neurons, sixteen neurons in the hidden
layer, and one neuron in the output layer is used. The network trains to a sum-squared
error of 79.7 ¢Gy®. This value is lower than the target sum-squared error of 140 cGyZ.
The target error for each neuron is 0.31%, the actual error from each neuron is 0.24%.
The first test conducted on the network was to test how well the network generalizes the

training data. This is Phase [. Figure 6.1.3 shows the network's approximation of this

training data.
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Figure 6.1.3 Testing the training set

Once the network is trained satisfactorily, it is tested with SPEs not used in
training. This attempts to verify that the network learned the relationships between the
sampled doses and the final dose. To perform this testing, five sets of SPEs are used.
The architecture, activation functions, weights, and biases [Appendix 5] saved from the
training and initial test phase are used. The new dose profiles originate from the same
population as those used for training, but differ from the training set. Figure 6.1.4 is the

plot of the first four SPEs tested. In this plot the network's response is good (within 5%)
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for the first and fourth profiles but extremely poor for the second and third. The possible

reasons for this poor performance are discussed in later.
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Figure 6.1.4 Test One

The second set of test cases also uses four profiles. This is illustrated in Figure
6.1.5. In the first profile the network gives an overestimate of the maximum but as more
information is obtained the approximation, despite being an underestimate, is improved.
In the second and fourth profile the network initially has a gross underestimate but as

more information is obtained the estimate improves to the desired value. Poor
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performance during the initial samples of the event can be tolerated since future
predictors using more information can override the previous poor performance. In the

third profile the network gives a poor estimate for the entire profile.
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Figure 6.1.5 Test Two

The third set of test cases investigated the network's response for low doses.
Three dose profiles are used.  Figure 6.1.6 illustrates this third test. In the first profile
the network initially overestimates the D, by 13%, then underestimates it by 50%.

Although this underestimation is poor, it is noted that the doses used in this test are small
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and, that relative to the data set population, a difference of 0.8 cGy is negligible. In the
second and third profiles, the network respectively overestimates and underestimates the

D_ . In these cases the percentage differences are approximately 10% and 15%.
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Figure 6.1.6 Test Three

The fourth set of test cases, as illustrated in Figure 6.1.7, involves doses between

zero and 10 cGy. In this test seven different profiles are used. Again there is an initial
instability but as more information is acquired the network's approximation improves.

For the first four profiles the network approximates the D, well, however, in the fifth

58

.



and sixth profiles this is not the case. In the fifth profile there is a gross over-
approximation, as more information about the profile is acquired there is improvement.
In the sixth profile the network initially underestimates, but the estimate is then

instantaneously improved. In the seventh profile the network overestimates the D, by

10%.
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Figure 6.1.7 Test Four
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The fifth set of test cases, illustrated in Figure 6.1.8, uses four dose profiles. This
test also tested network response at low doses. In the first two profiles the network
initially overestimates and then gives more accurate approximations for D, In the third
profile the network’s approximation is improved to within 5%. However, in the fourth

profile the network performs poorly at approximating the D, .
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Figure 6.1.8 Test Five




6.2  Discussion

Seven dose profiles were used to train the network and twenty-two other profiles used to
test the network. Of the twenty-two test SPEs, five dose profiles were poorly estimated.
Clearly the network did not learn the characteristics of these five dose profiles. It is
probable that the network's poor performance is due to an inadequate representation of
dose profiles in the training. Seven profiles covering zero to 457.5 c¢Gy, with three
parameters a,, v, and D,, are used for training. All of these parameters affect the shape of
the Weibull curve in both axes. Initially, the shape of the Weibull curve was not a
consideration in the construction of both the training and test sets. The choice of dose
profiles for training was based only on D,. This made the training set too narrow.
Hence, in the testing phase, the network would responded poorly to dose profiles that

were shaped differently than those used in the training set.
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7. Conclusions and Recommendations for Future Study

7.1  Conclusions

In this work an artificial neural network is trained and tested using data sets that were
modeled to Weibull functions. The major problems that occurred during training
included overfitting and local minima. The network also demonstrates an inability to
generalize outside of the training set. There is also poor generalization in cases where
the shape of the Weibull is significantly different from that of the training curves.

The optimal network architecture in this research is a five neuron input, sixteen
hidden neurons, and one output neuron. Training sets contained seven Weibull functions
representing seven different SPEs. The testing is divided into two phases, the first phase
tested how well the network generalizes the training set. The second phase tests how
well the network generalizes the test sets. It is noted in the second test phase, that the
network's initial estimate of the D_'s is sometimes incorrect but as more information is
acquired about the dose profile, the estimate improved. This evidence supports the
conclusion that the ANN demonstrates its ability to predict the maximum value of the
dose-time profiles of interest.

Artificial neural networks generalize poorly if the range of the test set is outside
of that of the training set. More training data needs to be made available, so that the test
set always has a range smaller than that of the training set. This presents an interesting

dilemma. If this proposed system is implemented, an upper boundary value of D, is
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required. This value should be for a worst case scenario SPE. The issue as to what value

should be used is still a scientific unknown.

7.2  Recommendations for Future Study
In this final section recommendations for future study in the use of artificial neural
networks for the prediction of major solar particle events are made.

As stated earlier the network performs poorly with Weibull functions that are
shaped differently from those of the training set The parameters that affect the shape of
the curves are D_, a, andy. The original criteria for the training and test sets was based
solely on the values of D_and not on the other parameters o and y. In future work, the
range of these parameters should be taken into account when determining the training
and test sets. This is a way of increasing the knowledge base of the network, thus
improving the network's response for all shapes of Weibull curves.

In this research a Sliding Time-Delay Neural Network (STDNN) was used.
There are other types of networks that are also capable of processing temporal
information. The use of Recurrent Neural Networks, and other networks capable of
processing temporal information, for this application should be explored.

In this work a Weibull model of the dose-time profile is used for training and

testing the network. This is an intermediate step in the use of ANNs for SPE dose
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prediction. The final stage of research should use the actual dose-time data for training

and testing of the artificial neural network.
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Appendix 1

% WEIBULL.M

% Written by Garth Forde

% Creates a Weibull Curve

t =[0:88:4400];

% The event lasts 3 days

m = input('enter m parameters: ');
a = input(‘enter a parameters: ');
g = input(‘enter g parameters: ');
y1=m*(1 - exp((-a).*(t."g)));
d=yl

choice = input('Do you want to save these Weibull functions?[y,n]: ,'s");
if choice ="y’

save Weibull y1
end

70




Appendix 2
% MKDATSM
% Written by Garth Forde to sample points on Weibull Curve
% It will create a five input STDNN

|=length(d};
num=floor(l/5);
x=zeros(num, 5),

for i=1:num
x(i,1)=d(1);
x(1,2)=d(2*1);
x(1,3)=d(3*1),
x(1,4)=d(4*1),
x(1,5)=d(5*1),
y=max(max(x))*ones(length(x),1);

end
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Appendix 3

% LMTRAIN.M

% Written by J. Wesley Hines modified by Garth Forde

% Trains a neural network using LM(trainlm)

vecfile = input(‘enter filename of input/output data vector: ','s'),

numhid = input("how many neurons in the hidden layer?'),

sell = input(‘sigmoid, tansigmoid, or linear hidden layer?[s,t,1]: ','s");

sel2 = input('sigmoid, tansigmoid, or linear output layer?[s,t,1]: ','s");

sc = input(‘input and output scaling type MCUV=m,linear=l,none=n ?[m,},n]: ','s"),
%%%%%%%%% set up default parameters %%6%%%%%%%%%%%%:%%%

fprintf("\n\nthe default variables are:\n\n");
fprintf(‘'output error tolerance (sse)=200\n"), tolerance = 200,

fprintf('errors plotted in progress every 25 epoch.\n');  epoch_disp = 25; plotflag = 25

fprintf('max number of training epochs = 1000.\n"), maxepochs = 1000,

%% % allow user to change default parameters %%%%%
choice = input('are you satisfied with these selections?[y,n]: ','s");

if choice ="n'

epoch_disp = input('how often to display errors(# of epochs): '),
tolerance = input('output error tolerance (sse): '),

maxepochs = input('max number of epochs to train: '),

end

%% % load training data %%%%%%

eval(['load ',vecfile));
[nov1,numin] = size(x);
[nov2,numout] = size(y),

if novl ~= nov2
error(‘the number of input vectors and targets vectors has to be the same'),
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end

fprintf("\nthis network has:\n\n'),

fprintf(*%0.f input neurons\n',numin),

fprintf('%0.f neurons in the hidden layer\n',numhid);

fprintf('%0.f output neurons\n',numout),

fprintf(‘there are %0.f input/output pairs in this training set\n\n',nov1);

%%% scale inputs %%%

if sc="m'

[xn,xm,xs] = makenice(x),
elseif sc ="'

[xn,xm,xs] = scale(x);
else

Xn =X;
end

%%% initialize weight vectors to small values %%%%

[R,Q] = size(xn');
S1 = numhid;

[S2,Q] = size(y');

[W1,B1] = rands(S1,R),
[W2,B2] = rands(S2,S1);
W2 =W2*5;
W1=WI1*5;

B2 =B2*5;
B1=B1*5;

%%% set training parameters for levenberg-marquardt %%%%
TP = [epoch_disp,maxepochs,tolerance,.0001,.001,10,.1,1e10];

if sell =" % first layer selection
F1 = 'purelin’;
elseif sell ="'t
F1 ='tansig/,
else
F1 = "logsig";
end
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ifsel2="T % second layer selection

F2 = 'purelin’;
elseif sel2 =="t'

F2 = 'tansig',
else

F2 ="logsig’,
end

%% % train the network using LM %%%%
[W1,B1,W2,B2,epochs, TRLM] = trainlm(W1,B1,F1 ,W2 B2 F2 xn'y', TP);
%% LM tolerance criteria not met %%%
if epochs = maxepochs
fprintf("\n\n*** LM training complete, no answer found!’),
fprintf("\n*** SSE = %e \n\n',min(TRLM))
else
%%% LM tolerance criteria met %%%
fprintf("\n\n*** LM training complete after %0.f epochs! ***'.epochs);

fprintf("\n*** SSE = %e \n\n',min(TRLM));
end

save weights W1 B1 W2 B2 xm xs F1 F2 sc
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Appendix 4

% TESTM

% Written by Garth Forde to test the network
data = input('Enter filename of input/output data: ','s");
eval(['load ',data));
vecfile = input('Enter filename of weight vectors: ','s'),

eval(['load ',vecfile]);

X = makenice(x,Xm,xs);
Y = simuff(X', W1, B1, F1, W2, B2, F2),

plot([Y' y]);

title(TARGET SUPERIMPOSED ON ACTUAL'),
xlabel('NUMBER OF INPUT/OUTPUT PAIRS'),
ylabel('DOSE (cGy)");

end
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Appendix 5

The weights and biases used in this research:
Wi =
1.0e+003 *
-0.0054 -0.0112 -0.0137 -0.0112 -0.0071
0.0447 -0.3736 0.3359 12840 -1.6173
-0.0030 0.0012 0.0043 -0.0122 -0.0450
0.0256 0.0053 -0.0008 0.0154 0.0532
0.0197 0.0026 -0.0025 0.0141 0.0499
0.0058 0.0071 0.0160 0.0225 0.0182
-0.0126 0.0350 0.0048 -0.0059 -0.0147
-0.0044 -0.0107 -0.0109 0.0036 0.0332
-0.0213 -0.0042 0.0014 -0.0122 -0.0446
0.0099 0.0358 0.0393 0.0238 -0.0067
0.0000 0.0000 -0.0002 0.0236 -0.0398
0.0111 0.0216 0.0266 0.0153 -0.0122
-0.0104 -0.0130 -0.0065 -0.0235 0.0954
-0.0008 -0.0029 -0.0142 -0.0239 -0.0309
-0.0118 -0.0212 -0.0259 -0.0148 0.0146

-0.0001 0.0014 -0.0236 0.1697 -0.2313
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w2 =
| Columns 1 through 7
-133.4339 -6.9438 -178.0688 -39.2678 -55.9464 -119.0362 45.0858
Columns 8 through 14
118.2105 32.4916 -144.0439 -146.0700 73.3327 -76.4966 32.7059
Columns 15 through 16

-70.6856 -120.0399

B1=
-0.3460
-251.8162
-20.9282
14.3202
202976
16.3748
-41.3259
215820
-18.1125
-5.6104
9.6419
-8.5485
213634
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-13.9475

6.5316

-47.8359

B2 =

155.8096
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